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 Fruit and vegetable recognition and classification can be a challenging task 

due to their diverse nature and have become a focal point in the agricultural 

sector. In addition to that, the classification of fruits and vegetables increases 

the cost of labor and time. In recent years, deep learning applications have 

surged to the forefront, offering promising solutions. Particularly, the 

classification of fruits using image features has garnered significant attention 

from researchers, reflecting the growing importance of this area in the 

agricultural domain. In this work, the focus was on fine-tuning 

hyperparameters and the evaluation of a state-of-the-art deep convolutional 

neural network (CNN) for the classification of fruits and vegetables. Among 

the hyperparameters studied are the number of batch size, number of epochs, 

type of optimizer, rectified unit, and dropout. The dataset used is the 

fruit_vegetable dataset which consists of 36 classes and each class contains 

1,000 images. The results show that the proposed model based on the batch 

size=64 and the number of epochs=25, produces the most optimal model 

with an accuracy value (training) of 99.02%, while the validation is 95.73% 

and the loss is 6.06% (minimum). 
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1. INTRODUCTION 

Image classification has its roots in a wide range of technologies developed over many years  

[1]–[3]. These technologies include advancements in computer vision, machine learning, and pattern 

recognition. Researchers and engineers have worked extensively to improve the ability of machines to recognize 

and categorize images accurately. As a result of these efforts, image classification systems have become 

incredibly sophisticated and powerful. The applications of these classifiers are both varied and widely used 

across many different fields. Some applications focus on broad tasks, such as interpreting and understanding the 

overall context of an image. Others are designed for highly specific and critical purposes, like detecting signs of 

cancer in patient test results [2], [4], [5]. Overall, the impact of image classification technologies continues to 

grow, influencing industries from agriculture, transportation, and military to name a few. 

Research in fruit processing holds substantial significance when connected with other economic 

sectors like agriculture, encompassing both wholesale and retail markets, alongside the processing industry. 

These factors have pushed researchers who developed various methods to automatically process fruits, either 

to identify or estimate their quality efficiently, classification, and packaging towards more focused research. 

This is because the processing, classification, and separation of plants require intensive energy and time [6]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The most efficient classifiers that perform well in classifying images such as fruits are those by 

using deep learning algorithms [7]–[9]. Deep learning, although a theoretical concept, is nothing new. It has 

enjoyed a surge of interest over the past decade, becoming the hottest trend in machine learning due to many 

factors. Deep learning approaches have significantly outperformed state-of-the-art approaches in many tasks 

across different fields such as data intrusion, image classification, computer vision, speech processing, and 

natural language processing (NLP) [10]–[12]. However, there remains an opportunity to explore 

hyperparameters in deep learning to achieve the best classification results through fine-tuning. The focus is 

on the batch size, the number of epochs, and their relationship, while the other hyperparameters are set as 

outlined in section 2.2. 

Several studies related to automatic fruit classification have been done so far by many scientists and 

researchers. It involves fruit classification, determining ripeness stage, disease detection, assessing citrus 

level, and classifying fresh fruit palm oil in ripe bunches [13]–[15]. For example, for the process of 

harvesting dates based on 5 different classifications of dates, a robotic harvesting model was proposed by 

Altaheri et al. [16]. The model uses an internal dataset containing 8,000 images for training and testing and 

achieves 99% accuracy. 

Other researchers in [17], developed a fruit classification model for industrial applications. In this 

model, the authors used public datasets and one of the datasets contained images of fruits which are complex 

to identify. The accuracy of the proposed model is 85%. Next, the authors in their research employed 

convolutional neural networks (CNNs) to classify fruits and vegetables based on RGB image data [18]. 

Despite the challenge of some items sharing similar colors and shapes, their approach achieved improved 

classification accuracy compared to other methods. 

Deep learning methods for fruit classification are extensively applied in the post-harvest stage and 

the fruit industry. In a particular study, a CNN-based model was introduced to categorize apples into normal 

and defective classes. This model was integrated into a fruit sorting system, demonstrating a remarkable 

accuracy of 92% while processing each apple in less than 72 milliseconds [19]. Despite the increasing 

interest in artificial intelligence (AI) for reducing food waste, there remains a notable gap in research 

concerning the application of AI for classifying and detecting fruits and vegetables. This study aims to fill 

this gap by designing and implementing an intelligent system capable of accurately identifying 36 different 

classes of fruits and vegetables through the tuning of hyperparameters. 

 

 

2. RESEARCH METHOD 

Deep learning is a highly active research area in computer vision and image classification. A typical 

architecture of deep CNN comprises an input layer, an output or classification layer, and multiple hidden 

layers (feature extraction is done in the hidden layers). These hidden layers often include convolutional, 

pooling, and fully connected layers, along with the possibility of a SoftMax layer [20]–[22]. In general, the 

hyperparameters are filter size (kernel size), number of filters, pooling, activation function, learning rate, 

batch size, number of epochs, and dropout [22], [23]. 

Subsequently, the tuning or adjustment of the hyperparameters is batch size and the number of 

epochs, while other parameters, namely the activation function, dropout value, learning rate, and optimizer 

type, are kept fixed. Specifically, the rectified linear unit (ReLU) is utilized as the activation function, Adam 

serves as the optimizer, and learning rate is an automatic method and a dropout rate of 0.2 (20%) is applied. 

On the other hand, the variables batch size and number of epochs are variable parameters that will fine-tune 

the model training process for finding and optimizing the accuracy performance for the data set. 

 

2.1.  Dataset 

Sample images consisting of real-world information are referred to as datasets and digital image 

collection is known as data acquisition [24]. The dataset used to work is the fruit_vegetable dataset which is 

publicly available on Kaggle which is publicly available. It is free and downloaded from 

https://www.kaggle.com/datasets/kritikseth/fruit-and-vegetable-image-recognition. Many researchers used 

this dataset for their research [25], [26]. Figure 1 shows the example of images in the dataset. 

This dataset contains 36 classes and 1,000 images for each class. Figure 1, shows an example of the 

different classes of fruits we used for analysis. Then the dataset is split into 3 categories namely training 

dataset (80%), testing dataset (10%), and finally validation dataset (10%) [8], [27]. 

 

2.1.1. Training dataset 

Each class in the training dataset contains 100 images, providing a balanced representation for each 

category. Altogether, the dataset is made up of a total of 3,600 images, ensuring a substantial amount of data 

for the learning process. This training dataset plays a crucial role in developing the network model by 
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providing the examples needed for learning. It is specifically used to train the parameters of the model, 

including adjusting the weights and biases to optimize performance.  
 

2.1.2. Validation dataset 

The validation dataset is used to evaluate the performance of the trained model and ensure it 

generalizes well to new data. For this particular task, each class in the dataset contains 10 images, providing a 

smaller but balanced set for assessment. In total, the validation dataset consists of 360 images, which 

represents 10% of the entire dataset. This validation step is essential for monitoring the model’s accuracy and 

preventing issues such as overfitting. 
 

2.1.3. Testing dataset 

The aim of using a testing dataset in deep learning is to provide an independent and unbiased 

evaluation of a trained model’s performance. This dataset is crucial because it helps determine how well the 

model can make predictions on previously unseen data. For this evaluation process, a total of 360 images 

were used, ensuring a fair and representative test. These images were evenly taken from ten different classes, 

maintaining balance across the categories. 
 

 

 
 

Figure 1. An example of images in a dataset 
 

 

2.2.  Tuning hyperparameters of the proposed models 

In this work, we have incorporated model-tuning techniques to prevent the model from overfitting. 

The hyperparameters tuned are the batch size and number of epochs, with a on their relationship and 

summarized as follows: 

i) Batch-size, the batch size refers to the number of training examples utilized in one iteration in training 

neural networks. Number batch size is used 16, 32, and 64. 

ii) Number of epochs, the number of epochs based on the number of times the entire dataset is passed 

forward and backward through the neural network during the training process. The performance is 

compared on the epochs number 10, 15, and 25. 

iii) Optimizer, Adam is adaptive algorithm and it is used to optimize all the experiments. Typically, when 

using Adam, the learning rate ranges from 0.0001 to 0.001, with a starting point of 0.001 [27], [28]. 

iv) ReLU is a popular and common activation function used in deep learning [29]–[31]. The mathematical 

expression for ReLU is shown in (1). 
 

𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥) (1) 
 

Where x is the input to the activation function and f(x) is the output after applying ReLU activation. 

v) The dropout technique helps avoid the issue of overfitting and during the training, neurons are randomly 

chosen and discarded. In this model, the dropout value is 0.2 [32], [33]. 
 

2.3.  Proposed model 

The proposed model is considered one of the most common deep learning architectures [21], [34], 

as shown in Figure 2. The network architecture of the proposed model is designed as a sequence model to 

handle sequential data. A summary of the model is as follows: 

i) Firstly, the input layer. This layer represents the raw input data, such as an image. Each pixel in the 

image may be represented as a separate input node. It is followed by a preprocessing layer as a function 

to normalize the pixel of images into range 0-1 [35]. It is a good practice to normalize the data to avoid 

different scales of the feature vectors and thus improve data integrity [36], [37]. 

ii) The next layer is the Conv2D (16,3, ReLU) layer, where this layer contains 16 filters (or kernels) of size 

3×3 and the activation are ReLU. Each filter learns different features from the input data. 

       

       

       

       

       
 



Int J Adv Appl Sci  ISSN: 2252-8814  

 

Comparative study on fine-tuning deep learning models for fruit and vegetable … (Abd Rasid Mamat) 

387 

iii) The MaxPooling2D layer is a pooling operation typically used in CNNs for down-sampling feature 

maps. It helps reduce the spatial dimensions of the input, thereby reducing computational complexity 

and controlling overfitting. The next layer is Conv2D (32,3 ReLU). In this case, there are 32 filters and 

the size is 3×3 ReLU is used for the activation function. 

iv) The following layer is Conv2D (64,3 ReLU). This layer shows 64 filters of size 3×3. ReLU is also used 

ReLU for activation function. Next the flattened layer. This layer refers to the process of converting a 

multidimensional array (e.g., a 2D) into a one-dimensional array. Flattening bridges this gap by 

reshaping the 2D feature maps into a 1D array, which can then be fed into the dense layers for further 

processing and decision-making. 

v) The dropout layer is the layer before the dense layer. Dropout is a form of regularization that helps 

improve the generalization of a neural network by reducing overfitting. Overfitting occurs when a 

model learns to perform well on the training data but performs poorly on unseen data. The number of 

0.2 or 20% refers to during training, which means, 20% of the neurons in the first dense layer will be 

randomly dropped, helping prevent overfitting and improving the model's ability to generalize to new 

data. 

vi) Lastly, the dense layer is also known as a fully connected layer because each neuron (or unit) in the 

dense layer is connected to every neuron in the previous layer and every neuron in the subsequent layer. 

The number 128 in the dense layer refers to this layer has 128 neurons with a ReLU for activation 

function. 
 

 

 
 

Figure 2. The proposed architecture of deep learning 
 

 

2.4.  Performance evaluation 

To assess the effectiveness of the proposed classification methodology, we utilize accuracy analysis 

for training, validation, and testing. Additionally, we incorporate an analysis of the loss function to determine 

whether the model is overfitting or not. In (2) and (3) are employed to calculate both accuracy and loss. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
×100% (2) 

 

𝐿𝑜𝑠𝑠 (𝑆𝑝𝑎𝑟𝑠𝑒 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 𝐶𝑟𝑜𝑠𝑠 − 𝐸𝑛𝑡𝑟𝑜𝑝𝑦) = −
1

𝑁
∑ (𝑝𝑖𝑦𝑖)𝑁

𝑖=1  (3) 

 

Where N is the number of samples and pi, yi is the predicted probability of the true class label yi for sample i. 
 

 

3. RESULTS AND DISCUSSION 

In this study, an assessment of the appropriateness of state-of-the-art deep convolutional neural 

networks for the task of image classification was done. This focuses on tuning hyperparameters such as the 

number of batch size and number of epochs. The results of the experiment are discussed in Figures 3-5 and 

Tables 1-3. 
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3.1.  Hardware and software 

The baseline system used in our evaluation is a PC. PC configuration for the project, where the 

processor is an 11th Generation Intel(R), Core (TM) i5-1135G7 @ 2.40 GHz, 2419 Mhz, 4 Cores. OS is 

Microsoft Windows 10, Phyton, Keras, and Jupyter Lab are used for implementation [38], [39]. 
 

3.2.  Model accuracy and model loss 

In deep learning model accuracy and model loss are plotted to show the accuracy of the proposed 

model. In model accuracy, train (training), and val (validate) accuracy verse epoch is plotted. Training 

accuracy represents the percentage of correctly classified examples in the training dataset and the aim is to 

measure how well the model fits the training data during the training process. Validate accuracy shows the 

percentage of correctly classified examples in the validation dataset, which the model has not seen during 

training. The higher training accuracy and validation accuracy represent an ideal scenario where the model 

performs well on both the training and validation datasets. It suggests that the model has learned the 

underlying patterns in the data and is generalized effectively to new examples. 

Next, the model loss, training, and validate loss verse epoch are also plotted. Training loss refers to 

the error or discrepancy between the predicted outputs of a deep neural network and the actual target outputs 

during the training process. The validation loss serves as a proxy for how well the model is generalizing to 

new data. A lower validation loss indicates that the model is making more accurate predictions on unseen 

examples from the validation dataset. The model loss aims to achieve low training and validation losses 

simultaneously, indicating that the model has learned meaningful patterns from the training data and can 

generalize effectively to new, unseen data.  

Figure 3 shows the model of model accuracy (Figure 3(a)) and model loss (Figure 3(b)) according to 

train and validation data according to batch size=16, a number of epochs 0 to 25, and the optimization 

algorithm is Adam. In Figure 3, when the epoch value approaches 15 to 25, the model accuracy (Figure 3(a)) 

shows a consistent increase in accuracy, reaching a plateau where it remains stable. Similarly, in the model 

loss (Figure 3(b)), the training loss decreases steadily and then stabilizes within the same epoch range. 

Figure 4 shows the model of model accuracy (Figure 4(a)) and model loss according (Figure 4(b)) to 

train and validation data according to batch size=32, a number of epochs 0 to 25, and the optimization 

algorithm are Adam. In Figure 4, the pattern closely mirrors that of Figure 3. When the epoch value reaches 

15 to 25, the model accuracy (Figure 4(a)) exhibits a consistent increase and then stabilizes. Similarly, the 

model loss (Figure 4(b)) demonstrates a decreasing trend and eventually stabilizes within the same epoch 

range. 

Figure 5 shows the model of model accuracy (Figure 5(a)) and model loss according (Figure 5(b)) to 

train and validation data according to batch size=64, a number of epochs 0 to 25, and the optimization 

algorithm are Adam. In Figure 5, the pattern closely resembles that of Figures 3 and 4. As the epoch value 

nears 15 to 25, the accuracy model (Figure 5(a)) displays a steady increase followed by stability. Similarly, in 

the model loss (training loss) (Figure 5(b)), there's a decreasing trend, eventually stabilizing between the 15 

and 25 epochs. 
 

 

 
(a) 

 
(b) 

 

Figure 3. Model of (a) model accuracy and (b) model loss according to train and validation data according to 

batch size=16, number of epochs 0 to 25, and the optimization algorithm is Adam 
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(a) 

 
(b) 

 

Figure 4. Model of (a) model accuracy and (b) model loss according to train and validation data according to 

batch size=32, number of epochs 0 to 25, and the optimization algorithm is Adam 
 

 

 
(a) 

 
(b) 

 

Figure 5. Model of (a) model accuracy and (b) model loss according to train and validation data according to 

batch size=64, number of epochs 0 to 25, and the optimization algorithm is Adam 
 

 

3.3.  Comparison of accuracy based on different batch sizes at a number of epochs 10 

Based on Table 1, increasing the batch size from 16 to 64 resulted in an increase in accuracy (both 

training and validation) of 2.90 and 0.86%, respectively. This demonstrates that the model's accuracy is 

directly proportional to the increase in batch size and inversely proportional to the training loss. 

Consequently, the model becomes more accurate as the batch size increases. However, it's notable that the 

average time taken per step or batch during training (ms/step) also increases with the batch size. 

Based on Table 2, the same pattern as Table 1 is observed. Increasing the batch size from 16 to 64 

resulted in an increase in accuracy (both training and validation) of 1.74 and 0.57%, respectively. This 

increase in accuracy indicates a more accurate model with a larger batch size. Additionally, it's noteworthy 

that the average time taken per step or batch during training decreased from batch size 16 to 64. 

In Table 3, it also shows the same pattern as Tables 1 and 2. The accuracy value increases (both 

training and validation) by 0.93 and 0.86%, when the batch size increases from 16 to 64. Meanwhile, the 

average time taken per step or batch during training reduced from batch size 16 to 64. 

Based on the results, the accuracy improves with an increase in batch size (resulting in more data) 

and the number of epochs (allowing the model more opportunities to learn from the data, leading to better 

convergence and reduced underfitting). The results illustrate the highest accuracy obtained, when tuning 

parameters for batch size is 64 and the number of epochs is 25 (Table 3). This is because a larger batch size 

and more epochs provide a more stable and accurate estimate of the gradient of the loss function, reducing 
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noise and fluctuations in the learning process, which ultimately leads to a more accurate proposed model. 

Therefore, it can produce better generalization to unseen data, as the model can avoid overfitting by training 

on more data points in each iteration. This approach can enhance the accuracy of validation results. 

Additionally, larger batch sizes and more epochs benefit modern graphics processing units (GPUs) or tensor 

processing units (TPUs), allowing for faster training while maintaining or even improving model accuracy. 
 

 

Table 1. Comparison of accuracy and loss using different batch sizes for a number of epochs=10 
Batch 

Size 

Num of 

epochs 

Training 

accuracy (%) 

Training 

loss (%) 

Validation 

accuracy (%) 

Validation 

loss (%) 

Average time taken per step or batch during 

training (ms/step) 

16 10 0.9466 0.2087 0.9487 0.4833 216 

32 10 0.9593 0.1768 0.9516 0.4127 399 
64 10 0.9740 0.1192 0.9573 0.2607 731 

 

 

Table 2. Comparison of accuracy based on different batch sizes for a number of epochs=15 
Batch 

Size 

Num of 

Epochs 

Training 

accuracy (%) 

Training 

loss (%) 

Validation 

accuracy (%) 

Validation 

loss (%) 

Average time taken per step or batch during 

training (ms/step) 

16 15 0.9693 0.1262 0.9487 0.5391 212 

32 15 0.9837 0.0840 0.9402 0.4587 396 
64 15 0.9861 0.0679 0.9544 0.3091 743 

 

 

Table 3. Comparison of accuracy based on different batch sizes for a number of epochs=25 
Batch 

Size 

Num of 

Epochs 

Training 

accuracy (%) 

Training 

loss (%) 

Validation 

accuracy (%) 

Validation 

loss (%) 

Average time taken per step or batch during 

training (ms/step) 

16 25 0.9811 0.0675 0.9544 0.4752 216 
32 25 0.9845 0.0655 0.9548 0.4173 401 

64 25 0.9902 0.0606 0.9630 0.2869 636 

 

 

3.4.  Testing data for the proposed model 

Based on the results from subsection 3.3, the proposed model was trained using 25 epochs and batch 

sizes of 16, 32, and 64. The accuracy of the training dataset for the proposed model is presented, with 

examples from the apple and cabbage classes and the result displayed in Table 4. According to the example 

of this class, it was found that the average accuracy of the training dataset increases when the batch size and 

number of epochs increase. It shows increasing the batch size and number of epochs leads to higher accuracy 

on the testing dataset, it indicates that the chosen batch size and number of epochs are conducive to better 

generalization and overall model performance. 
 

 

Table 4. Average accuracy of the testing data for class apple and watermelon 
Average accuracy of training (%) of 25 numbers of epochs 

Class 

Batch size Apple Watermelon 

16 93.8300 89.8883 

32 96.2550 97.0500 

64 99.5700 99.7600 

 

 

4. CONCLUSION 

This work has developed to model fruit and vegetables using fine-tuning hyperparameters of CNN. 

From the experiments, a proposed model with a combination of the batch size=64 and the number of 

epochs=25, produces the most optimal model with an accuracy value (training) of 99.02%, while the 

validation is 95.73% and the loss is 6.06% (minimum). It can be concluded that an increase in batch size and 

number of epochs is directly proportional to accuracy for both training and validation and inversely 

proportional to training and validation loss and this relationship leads to more accurate model predictions. 

Considering this result, which involves the relationship between batch size and the number of epochs, there is 

an opportunity for researchers to explore further studies on the fine-tuning relationships between other 

hyperparameters to produce a more accurate prediction model. 
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