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Abstract This paper presents an automated apple classification system using near-
infrared (NIR) imaging and novel lightweight convolutional neural networks (CNNs) 
to distinguish between apples in rotten, good, and bruised condition. The method-
ology relies on processing NIR images to capture subtle differences in the texture 
and composition of apple surfaces, which enables precise classification through the 
proposed network architecture. The algorithm optimizes identifying characteristic 
patterns associated with each category, allowing for improved accuracy and speed. 
Comparative results show that this approach outperforms state-of-the-art methods 
in efficiency, with potential applications in automated sorting systems and quality 
control processes. 

Keywords Apple classification · Near-infrared imaging (NIR) · Image 
processing · NIR-based classification 

1 Introduction 

The automatic classification of agricultural products has become increasingly impor-
tant in recent years, as it plays a critical role in ensuring product quality and reducing 
food waste. Apples, one of the most widely consumed fruits globally, are particu-
larly susceptible to various types of damage during harvesting, transportation, and 
storage. Manual classification of apple quality is not only time-consuming but also 
prone to human error, especially when dealing with large quantities. Consequently, 
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automated systems that can accurately classify apples into these categories: rotten, 
good, and bruised are of great interest to the agricultural and food industries. 

Convolutional neural networks (CNNs) have emerged as one of the most effec-
tive techniques for image classification tasks, demonstrating superior performance 
in recognizing complex patterns in image data [4, 15]. CNNs have been successfully 
applied to a wide range of applications, including object detection, medical image 
processing, and facial recognition, just to mention a few. In the agricultural domain, 
CNNs have shown great promise in tasks such as disease detection, crop monitor-
ing, and fruit classification [3, 5, 13, 23]. Traditional image processing methods, 
which rely on handcrafted features like color, texture, and shape [8], are often lim-
ited by their inability to generalize across different environmental conditions and 
image variations. CNNs, on the other hand, automatically learn hierarchical features 
from the data, enabling more robust and accurate classification [14, 18]. Also, some 
approaches use other spectra to efficiently tackle the fruit classification [6]. 

In addition to the challenges posed by the visual variability of apples, another 
significant issue is the availability of sufficient training data. To address this, data 
augmentation techniques such as random rotations, flips, and shifts were employed 
to expand the training dataset artificially. Data augmentation not only improves the 
model’s ability to generalize but also helps prevent overfitting, which is a common 
issue in deep learning models when working with limited data [21, 25]. 

The current work aims to classify apples into three categories: rotten, good, and 
bruised using a CNN-based approach. Classifying damaged fruit poses several chal-
lenges, mainly due to the subtle differences that exist between good, bruised, and 
completely rotten apples. These differences are often difficult to capture using tradi-
tional image processing techniques. CNNs, with their ability to learn from large data 
sets to find patterns and their robustness to noise and variation, offer a compelling 
solution to this problem. 

The remainder of this paper is organized as follows. Section 2 provides a detailed 
overview of works related to fruit classification using CNNs, highlighting the most 
relevant studies. Section 3 describes the methodology used in current work, including 
data preprocessing, model architecture, and training procedures. Section 4 presents 
the experimental results, and Sect. 5 discusses the findings and potential future work. 

2 Related Work 

The application of convolutional neural networks to agricultural image classification 
tasks has been significantly focused on in recent years. This section provides a review 
of the state of the art in fruit classification, with particular attention to the use of 
CNNs for apple classification and related tasks driven by the necessity for efficient 
and automated agricultural practices. 

In [19], a CNN is proposed to classify good and rotten fruits is presented, which 
achieves an accuracy of 98.23%. This model uses multiple convolutional and pool-
ing layers, effectively demonstrating the superiority of deep learning in automating
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fruit classification over traditional methods. Building upon this groundwork, a study 
presented in [20] introduces a web-based system for fruit identification, utilizing 
deep learning algorithms. This approach not only enhances user accessibility but 
also substantially improves classification accuracy, illustrating the potential of CNN 
integration in practical applications for farmers and consumers alike. 

Recent research has emphasized the importance of transfer learning to improve 
the performance of classification algorithms. The study presented at [2] proposes a 
method that employs transfer learning using classical architectures, such as AlexNet, 
achieving a 99% accuracy rate in classifying fruits as good or rotten. Their findings 
highlight that the use of pre-trained models enables high classification performance, 
while also reducing computational complexity, making this approach feasible for 
real-world applications. 

A comprehensive review has been presented in [22], examining various deep 
learning models employed in fruit detection and classification. The prevalence of 
traditional machine learning methods until recent years is noted, but a shift toward 
deep learning has markedly enhanced feature extraction capabilities. The review 
underscores the challenges presented by variations in fruit shape, color, and texture, 
which CNNs are increasingly addressing effectively. 

In a recent study [10], the authors explore feature fusion techniques using CNN 
networks to improve the classification accuracy of fruit types. The study demonstrates 
that combining features from different layers of a CNN model results in improved 
recognition rates, thereby increasing overall performance on complex classification 
tasks. The effectiveness of deep learning methods is further supported by a system-
atic review presented in [12], which evaluates various techniques for fruit recognition 
using CNNs. Their results confirm that these networks consistently outperform tra-
ditional methods in accuracy and speed, confirming the advantages of deep learning 
in agricultural applications. 

In addition to the works presented above, there are some contributions focused 
on specific types of fruits and their unique characteristics. For instance, in [17]  the  
authors use CNNs to identify diseases in fruits by image analysis, demonstrating 
how timely disease detection can significantly help farmers implement necessary 
interventions. Other work for the detection of apple leaf disease is presented in [26], 
where the authors introduce a method for apple disease detection, which impacts 
fruit quality and value proposing a deep learning-based approach for automated dis-
ease detection, using a newly developed dataset of apple tree images from Kashmir, 
enhanced through expert annotation and augmentation techniques. Also, in [24], the 
authors present a review of various deep learning-based approaches utilizing spe-
cialized feature extraction methods for disease identification in tomato, potato, and 
apple crops. For fruit quality assessment [1] presents a deep learning approach with 
CNNs, introducing the DLFRUIT-GUI tool, which provides efficient predictions of 
fruit quality across varieties and storage conditions, enabling rapid and accessible 
user monitoring. 

Similarly, in [11], a deep learning framework is introduced for automatically 
detecting and classifying fruits and vegetables, even in complex real-world scenar-
ios. This approach supports fruit sellers by accurately identifying and differentiat-
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ing similar-looking products, reducing manual sorting errors, and enhancing oper-
ational efficiency. Innovative architectures, such as EfficientNet, have been applied 
to improve fruit recognition capabilities. The study presented in [9] illustrates how 
these architectures enhance accuracy while maintaining computational efficiency, 
rendering them suitable for real-time applications. 

In conclusion, this review of the state-of-the-art highlights the progress in fruit 
classification technologies powered by CNNs. These advancements contribute to 
enhancing agricultural productivity and ensure food quality and safety through timely 
interventions and improved decision-making processes. The main contribution of this 
paper is to propose a lightweight CNN architecture for apple quality classification, 
referred to as APC-CNN. This model has been trained from scratch and can be easily 
integrated into on-the-edge devices. 

3 Proposed Approach 

The proposed method is designed to integrate near-infrared imaging with a convo-
lutional neural network for the classification of apples as rotten, bruised, and good. 
This section presents an outline of dataset definition, preprocessing, and CNN model 
design. 

3.1 Dataset 

The dataset is composed of samples acquired using two distinct cameras: the MER2-
160-227U3C for visible spectrum images and the Basler ace acA1300-60gmNIR 
equipped with a BP660 bandpass filter (640–680 nm) centered at 660 nm for near-
infrared imaging. These cameras offer resolutions of 1280.× 960 pixels and 1280. ×
1024 pixels, respectively. In the current work, only the near-infrared samples were 
utilized, as this spectral band provides enhanced sensitivity to internal structures and 
water content, thus improving classification accuracy. NIR imaging allows for the 
detection of early signs of decomposition and bruising—features often invisible in 
the visible spectrum. The dataset is organized into 600 samples for training, 100 
for validation, and 60 for testing. Figure 1 illustrates the data acquisition system 
employed for dataset collection, and Table 1 displays the sample distribution used 
for the experiments. Figure 2 shows some samples of each category used in the 
experiments for the classification process (as mentioned above in the current work 
just NIR images are considered).
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Fig. 1 Illustration of the acquisition system 

Table 1 Dataset distribution used in apple classification 

Dataset NIR 
images 

Image 
distribution 

Rotten instances Good instances Bruised instances 

Training 600 170 200 230 

Validation 100 30 30 40 

Testing 60 22 18 20 

Total 760 222 248 290 

3.2 Data Preprocessing 

To enhance the model’s generalization capabilities, data augmentation techniques 
were implemented. Random rotations were applied to account for varying orien-
tations of the apples, while horizontal and vertical flipping simulated symmetrical 
variations. Additionally, small changes in width and height were introduced to repli-
cate slight shifts in apple positions. Finally, zooming and scaling were employed to 
mimic variations in camera distance and focus. These augmentations were applied 
dynamically during training to increase the diversity of the dataset and mitigate the 
risk of overfitting.
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Fig. 2 Samples of the apple dataset 

Table 2 Performance comparison on rotten, good, and bruised apple classification 

Network Rotten Good Bruised Avg. accuracy # of params 
(K) 

VGG16 0.974 0.876 0.819 0.890 138,357 

VGG19 0.994 0.896 0.839 0.910 143,667 

ResNet50 0.986 0.860 0.931 0.925 25,636 

ResNet101 0.996 0.880 0.951 0.942 44,549 

APC-CNN 0.983 0.992 0.984 0.986 16,306 

3.3 Loss Function 

For this multi-class classification task, the categorical cross-entropy loss function was 
utilized. This function measures the divergence between the predicted probability 
distribution and the true labels. The categorical cross-entropy loss is defined as: 

.L(y, ŷ) = −
N

i=1

yi log(ŷi ) (1)
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where N is the number of classes, .yi is the true label (1 if the class is correct, 0 
otherwise), and .ŷi is the predicted probability for class . i . 

3.4 Model Architecture 

The CNN architecture has been designed to extract features from NIR images and 
classify the apples accordingly. The model begins with convolutional layers using 
a  3.× 3 filter to capture both low-level and high-level features, such as edges, tex-
tures, bruising, and internal decay. Max-pooling layers are incorporated with an 
initial pool size of 4.× 4 after the convolutional layers and followed by a 2.× 2 pool 
size in subsequent layers, with strides carefully selected to progressively reduce 
the dimensionality of the feature maps while retaining essential information and at 
the same time decreasing the model’s computational complexity. This also helps to 
mitigate overfitting by removing extraneous details from the input. Multiple con-
volutional layers are stacked, with each successive layer using additional filters to 
capture increasingly complex features from the input data. The LeakyReLU activa-
tion function was applied after each convolutional layer to introduce non-linearity 
and prevent the dying ReLU problem, which can arise when neurons stop learning 
due to large negative inputs [16]. This function allows a small, positive gradient for 
negative inputs, enhancing the learning process, particularly when distinguishing 
subtle differences like bruising. 

Following the feature extraction process, the output of the convolutional layers 
is flattened and passed through fully connected (dense) layers. The first dense layer 
comprises 1024 units and employs the ReLU activation function to integrate the 
learned features. The final dense layer consists of 3 units, corresponding to the 
three classes, with a softmax activation function applied to produce the probability 
distribution over the classes. Figure 3 illustrates the proposed architecture. 

Fig. 3 Detailed classification model architecture
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The model was trained with the Nadam optimizer, a variant of the Adam opti-
mizer that incorporates Nesterov momentum to enhance convergence speed and 
accuracy [7]. The learning rate was initialized at 0.000032, and hyperparameters 
such as beta values were meticulously tuned to optimize model performance. 

4 Experimental Results 

This section presents the experimental results obtained with the proposed architec-
ture. The model’s classification performance is evaluated and compared with state-
of-the-art approaches. 

The proposed APC-CNN model was compared against other state-of-the-art mod-
els, including VGG16, VGG19, ResNet50, and ResNet101. The respective pre-
trained networks were used in each experiment, and a fine-tuning process was applied 
to adapt them to our dataset. For VGG16, the first 14 layers were retained, while 
the final two layers were retrained to better capture features specific to our Apple 
dataset. For ResNet50 and ResNet101, the entire set of parameters was fine-tuned to 
fully utilize the capacity of these deeper networks, improving classification accuracy. 
Comparative results are shown in Table 2, indicating that the APC-CNN approach 
outperforms other state-of-the-art methods. APC-CNN achieves higher accuracy in 
classifying the three apple categories: rotten, good, and bruised. 

A notable aspect of our approach is the significantly reduced number of parame-
ters, compared to other methods. APC-CNN has the smallest parameter count among 
all the evaluated techniques, which reduces the computational cost and accelerates 
convergence during training. This efficiency renders APC-CNN suitable for real-time 
applications or scenarios with limited computational resources while still maintain-
ing high classification accuracy. 

Another analysis conducted to evaluate the model’s performance and accuracy 
involves generating the Receiver Operating Characteristic (ROC) curve, which is a 
graphical representation illustrating classifier performance by plotting the true pos-
itive rate (TPR) against the false positive rate (FPR) at various threshold settings. 
Figure 4 provides a comparative analysis of the ROC curves for APC-CNN against 
VGG16, VGG19, ResNet50, and ResNet101. As shown, APC-CNN consistently 
produces the best ROC curve across all classes, showcasing its superior capability 
to distinguish between categories. In conclusion, the proposed APC-CNN model 
outperforms other state-of-the-art approaches. This makes it an efficient and effec-
tive model for apple classification tasks, offering both high precision and speed for 
practical applications.
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Fig. 4 ROC curves for comparison of rotten, good, and bruised classes with other state-of-the-art 
approaches 

5 Conclusions 

This paper presents a simple yet effective neural network model designed to classify 
apple quality into three categories: rotten, good, and bruised. The strength of the pro-
posed approach lies in its simplicity and robustness, as it does not rely on additional 
preprocessing steps or external features to assess apple quality. Instead, the model 
processes the input images directly, using NIR images, which provide enhanced 
detection capabilities that further improve classification accuracy. The robustness of 
the approach is demonstrated through experimental results, which highlight its abil-
ity to accurately classify apples under various quality conditions without requiring 
extensive fine-tuning or additional parameters. These results showcase the model’s 
capacity for generalization, maintaining high accuracy across diverse test scenarios. 
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