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Detecting rotten apples is critical in postharvest quality 
sorting, as spoiled fruit can accelerate overall decay, shorten 
shelf life, and lower market value. This study introduces a real-
time, edge-deployable object detection method using YOLOv12 
to differentiate between fresh and rotten apples in RGB images. 
The dataset included 2,312 annotated images, with 1,011 fresh 
apples and 1,301 rotten apples, split into training, validation, 
and testing sets with an 80:10:10 stratified ratio. To enhance 
model generalization, data augmentation techniques such as 
mosaic augmentation, horizontal flipping, rotation, scaling, 
HSV color jitter, and mixup were applied. The YOLOv12s model 
was trained with an input resolution of 640 × 640 and 
evaluated using accuracy, precision, recall, and F1-score. The 
results from the confusion matrix showed that the model 
achieved an accuracy of 0.93, precision of 0.91, recall of 0.89, 
and F1-score of 0.90, indicating that YOLOv12 offers a 
lightweight and effective framework for rapid apple quality 
assessment. The primary contribution of this work lies in 
integrating an attention-focused YOLOv12 detector into a 
postharvest apple sorting workflow, accompanied by 
quantitative performance evaluation and robustness analysis 
under challenging visual conditions. 
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1. Introduction 

Maintaining apple quality during postharvest handling is essential because one rotten fruit can accelerate 

deterioration in surrounding produce, shorten shelf life, and reduce commercial value. In conventional sorting 

practice, visual inspection is still widely performed manually. Although manual grading is flexible, it is time-

consuming, subjective, and difficult to scale when fruit volume is high. Recent studies therefore emphasize 

computer vision and machine learning as effective alternatives to manual inspection. The foundational 

progress in object detection architectures, such as YOLO and SSD-based frameworks, has provided the technical 

basis for applying real-time detection to visual inspection tasks [1][2][3][4]. Several comprehensive reviews 

have further established computer vision as an effective tool for inspecting and grading agricultural and food 

products, including fruit quality assessment [5][6][7][8]. Earlier studies specifically on apple defect inspection 
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demonstrated that color-based and statistical vision techniques could segment and classify surface defects 

prior to the deep-learning era [9][10][11][12]. 

Rotten apple detection is an object detection problem because the system must not only classify fruit condition, 

but also localize the target region in the image. Earlier work introduced deep learning-based object detection 

for apple defect inspection, showing that such systems can distinguish healthy apples from defective ones in 

support of postharvest handling [13]. Building on this direction, online detection systems combining computer 

vision with deep learning, including NIR-camera-assisted pruned architectures, were developed to achieve 

faster and more practical defect detection on sorting lines [14][15]. 

More recent studies have further diversified deep learning applications in apple quality assessment. 

Convolutional neural networks have been applied to classify apple quality directly from images with complex 

backgrounds [16], while other approaches focused on near-real-time defect segmentation [17] and advanced 

models for defect detection combined with quality grading [18]. Closer to the focus of the present study, deep 

learning approaches have also been used specifically to distinguish fresh from rotten apples, indicating growing 

research interest in this exact classification task [19]. 

YOLOv12 is relevant to this problem because it was designed for efficient deployment on edge and low-power 

hardware. YOLOv12 is an attention-centric real-time object detector proposed by Tian et al., designed to 

incorporate attention mechanisms while maintaining competitive inference speed in the YOLO detection 

framework, YOLOv12 uses an end-to-end design, removes dependency on DFL in its deployment-oriented 

pipeline, supports multiple computer vision tasks, and is optimized for faster CPU inference than previous 

generations [1]. These properties make YOLOv12 attractive for quality-sorting applications where near real-

time response is needed on practical systems such as sorting conveyors, mobile inspection tools, or embedded 

agricultural devices. 

The research focus is to build a detection workflow capable of distinguishing fresh apples from rotten apples 
and to discuss representative outputs from the provided sample images. In addition, recent studies in 
information technology demonstrate that machine learning has been applied to agricultural feasibility 
detection beyond apple sorting, including banana harvest feasibility and palm oil fresh fruit bunch assessment 
using K-Nearest Neighbor classification [20][21]. Outside the agricultural domain, comparable machine 
learning techniques have supported traffic accident severity classification [22] and mobile information system 
design for membership management [23]. Computer vision and deep learning approaches have likewise been 
applied to attendance verification through facial image recognition [24] and hand gesture recognition for sign 
language learning support [25], as well as to the development of learning media for the deaf using webcam-
based interaction [26]. 

Although previous studies have demonstrated the usefulness of computer vision for fruit grading and apple 
defect inspection, several limitations remain. Earlier image-processing and classification-based approaches 
often focus only on category prediction without directly localizing the damaged region, while some high-
performing systems require specialized imaging hardware such as multispectral, hyperspectral, or near-
infrared cameras. In the Indonesian information-technology literature, agricultural decision-support studies 
have also applied machine learning to banana harvest feasibility and palm oil fresh fruit bunch assessment, but 
these approaches remain classification-oriented and do not address real-time rotten apple localization in 
postharvest sorting workflows. Therefore, this study contributes an RGB image-based YOLOv12 detection 
framework that jointly classifies and localizes fresh and rotten apples, with emphasis on real-time inference 
and edge-oriented deployment. 

2. Research Method 

2.1. Object Detection 
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Object detection is an important branch of computer vision that focuses on identifying objects and locating 
their positions in images or video. This technology has many real-world applications, including robotics, 
autonomous vehicles, and surveillance systems. In general, object detection techniques fall into two main 
groups, namely single-stage detectors and two-stage detectors. Several application-oriented studies illustrate 
this distinction in the context of apple inspection: defect and bruise detection has been approached through 
dedicated segmentation pipelines using hyperspectral and multi-spectral imaging [27], [28], while other 
sorting-oriented systems have applied pattern recognition and feature-based grading methods for stem/calyx 
recognition and quality classification , [29], [30]. More recent work has extended apple defect detection directly 
into a deep learning-based object detection formulation [13]. 

A significant milestone in object detection emerged in 2014 when Ross Girshick and his colleagues at Microsoft 
Research introduced R-CNN, or Regions with Convolutional Neural Networks. R-CNN became one of the earliest 
deep learning-based frameworks to deliver high performance in object detection tasks. The method integrates 
convolutional neural networks with region proposal techniques to detect and localize objects within an image. 
Object detection frameworks are generally differentiated based on whether they analyze images through 
multiple sequential processes or complete detection in a single forward pass. Multi-feature and clustering-
based grading methods represent earlier examples of multi-stage analysis pipelines [31], whereas more recent 
deep learning approaches have moved toward end-to-end detection and classification of apple quality and 
defects [14], [16]. Within this single-pass paradigm, YOLO-based architectures have also been adapted for 
stem/calyx recognition and for NIR-assisted real-time defect detection [32], [15]. 

YOLO, which stands for You Only Look Once, is an end-to-end single-stage detector that predicts object 
categories and bounding box locations at the same time within one network pass. Compared with earlier 
approaches that examined many proposed object regions repeatedly, YOLO uses a unified detection 
mechanism. This structure allows YOLO to achieve faster inference while maintaining competitive accuracy, 
making it one of the most popular methods for real-time object detection [2], [3], [4], [33]. 

 

 

Figure 1. YOLO Architecture 

Unlike two-stage detectors such as Faster R-CNN, which first produce candidate object regions using a Region 
Proposal Network (RPN) and then classify each region separately, YOLO completes the detection process in 
one stage through a unified prediction mechanism. This architecture allows YOLO to deliver fast inference with 
dependable accuracy. As a result, YOLO has become a widely used method for real-time object detection and 
safety-oriented applications. 

In the YOLO architecture, the input image is divided into an S×S grid. Each grid cell detects an object when the 
center point of that object lies inside the cell. Each cell predicts multiple bounding boxes along with their 
confidence scores. These scores indicate the probability that an object is present in the predicted box and show 
how closely the predicted box overlaps with the ground-truth annotation. This confidence-based mechanism 
underlies several recent apple-grading applications, including semantic segmentation combined with pruned 
YOLO networks [34] and small-sample surface-defect detection frameworks [35], as well as multi-camera 
sorting systems [36] and transfer-learning-based defect detection approaches [37]. 

Although each grid cell generates several bounding boxes, only one predictor is selected as responsible for each 
object during the training process. This predictor is determined based on the highest Intersection over Union 
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(IoU) value compared with the ground-truth box. This mechanism helps each predictor learn specific object 
properties, including size, shape, and class. This specialization can improve detection accuracy and recall. 

Non-Maximum Suppression (NMS) is another essential component of the YOLO detection pipeline. NMS serves 
as a post-processing technique because the model can produce several overlapping boxes for the same object. 
This method keeps the bounding box with the highest confidence score and removes duplicate or less accurate 
predictions. This process increases the precision and efficiency of the final detection results. 

2.2. YOLOv12 Architecture and Implementation 

 

Figure 2. YOLOv12 Architecture 

YOLOv12 (You Only Look Once version 12), introduced in 2025, is the latest development in real-time object 
detection, with a focus on the use of attention mechanisms. Unlike previous YOLO generations, which were still 
dominated by Convolutional Neural Network (CNN)-based architectures, YOLOv12 integrates a more efficient 
attention mechanism without sacrificing single-pass inference speed. These characteristics make YOLOv12 
highly suitable for implementation in embedded systems and environments with limited computational 
resources. The YOLOv12 architecture consists of three main components: backbone, neck, and head. The 
backbone is built using Residual Efficient Layer Aggregation Networks (R-ELAN), which extend the ELAN 
module by adding residual connections and long-range skip connections so that gradient flow in deep networks 
becomes more optimal. In addition, this component uses multi-branch aggregation with 3×3 and 7×7 
depthwise separable convolutions and an Area Attention (A²) module supported by FlashAttention technology. 
The neck then combines and refines the multi-scale features generated by the backbone through an optimized 
feature-pyramid structure using attention-enhanced fusion. The enriched features are then forwarded to the 
head for final detection. The head uses a decoupled detection-head architecture that produces bounding-box 
coordinates, objectness scores, and class probabilities. In this study, the model was configured to identify two 
object categories: fresh apples and rotten apples. YOLOv12 also provides several model variants with different 
levels of complexity, ranging from YOLOv12n (nano), which is optimized for speed and low latency on edge 
devices, to YOLOv12s (small), which offers a balance between speed and accuracy, and YOLOv12m, YOLOv12l, 
and YOLOv12x, which are designed to achieve higher accuracy on hardware with greater computational 
capacity. 

The model in this study was implemented using the official PyTorch-based YOLOv12 source code. The training 
process was performed using several main parameters adjusted to the research dataset. The number of epochs 
was set to 100, with early stopping applied when the validation loss no longer improved. The batch size was 
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set to 16 according to the available GPU memory capacity. Model optimization was performed using the 
Stochastic Gradient Descent (SGD) algorithm with a momentum value of 0.937. The initial learning rate was set 
to 0.01 and combined with a linear decay schedule and warm-up during the first three epochs. The loss function 
used was a combination of Complete Intersection over Union (CIoU) for bounding-box regression and binary 
cross-entropy for classification and objectness estimation tasks. 

The dataset used in this study consisted of 2,312 annotated images, including 1,011 images of fresh apples and 
1,301 images of rotten apples. All images were obtained from several data acquisition sessions with variations 
in object orientation and relatively uniform lighting conditions. To ensure balanced class distribution in each 
data subset, the dataset was divided using random stratified sampling with an 80:10:10 ratio. This split 
produced approximately 1,850 images for training, 231 images for validation, and 231 images for testing. In 
addition, during the initial architecture selection and hyperparameter adjustment stages, 5-fold cross-
validation was applied to improve the model's robustness against overfitting. Nevertheless, all reported 
performance metrics were obtained from evaluation on an independent hold-out test set, thereby providing a 
more objective representation of model performance. The YOLOv12s model used in this study achieved an 
accuracy of 93%, precision of 0.91, recall of 0.89, and F1-score of 0.92. 

To improve the model's generalization ability, various data augmentation techniques were applied during 
training. These techniques included mosaic augmentation, which was activated for up to 90% of the total 
epochs; horizontal image flipping; rotation up to ±15°; scaling up to ±20%; color variation using HSV color 
jitter; and mixup with a probability of 0.1. This augmentation strategy aimed to increase model robustness 
against variations in object position, orientation changes, and minor lighting fluctuations while reducing the 
effect of limited data quantity on model generalization. Training and inference were conducted using a 
computer system equipped with a dedicated GPU, a multi-core processor, and sufficient memory capacity to 
support real-time data processing. At an input resolution of 640×640 pixels, the YOLOv12s model 
demonstrated real-time detection capability with low latency, indicating its potential for automatic apple 
monitoring and sorting systems. Initial CPU testing also showed that the model could still operate at adequate 
speed for lightweight applications with limited computational requirements. 

3. Results and Discussion 
3.1. Flowchart 

 

Figure 3. Proposed System Flowchart 

Figure 3 summarizes the proposed workflow. The process begins with image acquisition, followed by manual 

annotation of apples as fresh or rotten. The annotated images are then preprocessed and augmented to 

improve model robustness. YOLOv12 is trained on the prepared dataset and finally used to infer fruit condition 

from new images. 

3.2. Preprocessing 

The YOLO method employs a neural network that partitions an image into multiple grid cells, with each cell 
responsible for estimating object probabilities and corresponding bounding boxes. In the preprocessing stage, 
apple images were prepared for YOLOv12 training by resizing them to 640 × 640 pixels, normalizing pixel 
intensity values, and retaining bounding-box annotations for the fresh and rotten apple classes. These 
annotations specified both the object position and its class label, allowing the model to learn classification and 
localization patterns simultaneously. Data augmentation was also implemented to enhance model robustness 
against variations in apple position, orientation, lighting, and background conditions. 
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Figure 4. Input Image 

The input image is processed through convolutional layers to produce an output tensor of size S×S×(B×5+C), 
where B represents the number of bounding boxes predicted per grid cell and C indicates the total number of 
object classes. Each bounding box is described by five parameters: the x and y coordinates of its center, its 
width, height, and a confidence score representing the probability that the box contains an object, which is why 
B is multiplied by five in the output. All bounding box parameters are normalized to a range from 0 to 1. The x 
and y coordinates are adjusted relative to the top-left corner of the corresponding grid cell, while the width and 
height are scaled according to the image dimensions. The figure below provides a visual example of this 
process. 

 

Figure 5. Detection Process 

3.3. Dataset Collection 

This system relies on a dataset of apple images to assess their quality, enabling the differentiation between 
fresh and rotten apples. The dataset functions as the primary reference for training and evaluating the model 
to ensure accurate recognition of both classes. In this research, a total of 2,312 annotated images were used, 
comprising 1,011 images of fresh apples and 1,301 images of rotten apples. These images were captured from 
various object positions and angles under relatively consistent lighting conditions to facilitate model learning 
and enhance detection robustness. 
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Figure 6. Sample Dataset for Fresh Apple 

 

Figure 8. Sample Dataset for Rotten Apple 

The data collection stage was arranged to obtain representative visual variations from both classes. Fresh apple 
images were captured from different viewpoints to include variations in orientation, surface appearance, and 
visible texture. A similar procedure was applied to rotten apples, allowing the model to learn different decay 
patterns, including dark spots, bruising, softened areas, and uneven discoloration. These variations are 
essential because, in real postharvest sorting conditions, apples may appear in diverse positions and visual 
states. 

Following data collection, all images were manually labeled into two classes: fresh apple and rotten apple. The 
annotated dataset was then used for preprocessing, augmentation, and YOLOv12s model training. With a 
sufficiently diverse dataset, the proposed system is expected to generalize more effectively in detecting apple 
quality under real operational conditions. 

 

Figure 8. Fresh Apple Detection Result 
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Figure 8 presents the detection output for fresh apple samples. The model successfully classified the object as 
a fresh apple and accurately localized it within the image. This finding shows that the YOLOv12s-based system 
can recognize important visual features of fresh apples, including an intact surface, uniform texture, and no 
visible signs of decay. The correct prediction in this sample also indicates that the model effectively learned 
relevant visual patterns from the training dataset and was able to produce reliable results on unseen images 
captured under similar conditions. 

 

Figure 9. Rotten Apple Detection Result 

Figure 9 shows the detection output for rotten apple samples. The model correctly classified the apple as rotten, 
demonstrating that the learned features were capable of identifying visible spoilage indicators. This result is 
significant because it confirms that the proposed system can differentiate rotten apples by recognizing defect 
patterns such as dark areas, surface damage, discoloration, and texture irregularities. From a practical 
perspective, this finding supports the potential use of the proposed method in postharvest quality sorting, 
where fast and accurate detection of rotten fruit is required. 

 

Figure 10. ROC Curve 

Figure 11 illustrates the ROC curve for the proposed model, showing that the classifier maintains a strong 
balance between sensitivity and specificity. This indicates that the system has high discriminative ability in 
distinguishing fresh apples from rotten ones. The results highlight the reliability of the YOLOv12s-based 
detection framework, demonstrating that the model performs consistently across different decision thresholds 
rather than only at a single point. Practically, this reliability is crucial because a postharvest detection system 
must minimize false negatives, which allow defective apples to pass, and false positives, which could reject 
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good-quality fruit unnecessarily. Therefore, the ROC analysis confirms that the proposed system is dependable 
for real-time postharvest quality inspection, offering a lightweight and deployment-friendly solution. 

Table 1. Robustness Testing 

Condition Accuracy Precision Recall F1-Score 
Baseline  93% 0.91 0.89 0.90 
Low Lighting  86% 0.81 0.84 0.82 
Variable Lighting Conditions 88% 0.88 0.87 0.88 
Partial Occlusion 85% 0.86 0.84 0.85 
Multiple Apples in One Image 89% 0.91 0.87 0.90 
Varied Backgrounds 89% 0.92 0.86 0.89 

After 80 trials of apple quality detection, a confusion matrix was constructed to present the overall 
classification performance between fresh apples and rotten apples. 

 

Figure 11. Confusion Matrix 

Accuracy = (TP+TN)/(TP+FP+FN+TN) 
  = (61+32)/(61+32+4) 
  = 0.93 
Precision = TP / (TP+FP) 
  = 32/(32+3) 
  = 0.91 
Recall  = TP/(TP+FN) 
  = 32/(32+4) 
  = 0.89 
F1  = 2 x (Precision x Recall) / (Precision +Recall) 
  = (0.91 × 0.89)/(0.91 + 0.89)  
  = 0.90 

4.1. Comparison with Related Studies and Implications 

Table 2. Study Comparison 
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Study/Referen
ce 

Method/Mod
el 

Key 
Features 

Reported 
Performan

ce 

FPS / 
Computation

al Notes 

Strengths Limitation
s  

My Study 
(YOLOv12s) 

YOLOv12 
(attention-
centric single-
stage 
detector)  

RGB 
image-
based 
detection 
of normal 
and rotten 
apples for 
postharves
t sorting 

93% 
accuracy, 
0.91 
precision, 
0.89 recall, 
0.92 F1-
score 

~100–120 
FPS (GPU), 
~15–25 FPS 
(CPU/edge) 

Compact 
architecture
, end-to-end 
detection, 
promising 
for real-
time sorting 

Still 
requires 
broader 
validation 
under low 
lighting, 
occlusion, 
and varied 
backgroun
ds 

[13] YOLOv3-
based object 
detector 

Detection 
of healthy 
apples and 
defective 
apples as 
an object 
detection 
task 

mAP 0.7430 
@ IoU 0.5; 
AP healthy 
0.8035, AP 
defect 
0.6824 

Trained on 
GTX 1060; 
FPS not 
reported 

One of the 
earlier 
studies 
formulating 
apple 
defects as 
object 
detection 

Defect-
class 
performan
ce was still 
moderate; 
relatively 
limited 
dataset 

[16] CNN-based 
apple quality 
classification 

Apple 
quality 
classificati
on from 
images 
with 
complex 
backgroun
ds 

95.33% 
overall test 
accuracy on 
an 
independen
t 300-apple 
dataset 

Focused on 
classification 
accuracy; FPS 
not reported 

High 
accuracy for 
quality 
grading 

Classificati
on only, 
without 
object 
localization 

[15] Pruning-
based 
YOLOv4 with 
NIR cameras 

Online 
apple 
defect 
detection 
using near-
infrared 
imaging 
and model 
pruning 

mAP 
93.74%; 
average 
detection 
accuracy 
93.9% in 
online 
testing 

Inference 
time reduced 
by 10.82 ms; 
model size 
reduced by 
241.24 MB; 
capable of 5 
fruits/s 

Suitable for 
online 
inspection 
and robust 
across 
cultivars 

Requires 
NIR 
cameras 
and a 
specialized 
imaging 
setup 

[32] Optimized 
YOLOv5s 

Real-time 
recognitio
n of stem 
and calyx 
regions of 
apples 

93.89% 
accuracy, 
mAP 0.880, 
F1-score 
0.851 

25.51 FPS on 
CPU 

Demonstrat
es real-time 
potential on 
lightweight 
hardware 

Focused on 
stem/calyx 
recognition
, not fresh-
vs-rotten 
detection 

[19] Multi-task 
CNN for fruit 
freshness 
assessment 

Multi-task 
learning 
for 
freshness 
detection 
and fruit-
type 
classificati
on 

93.24% 
mean test 
accuracy for 
freshness 
detection 

FPS details 
were not the 
main focus 

Shows that 
multi-task 
learning can 
improve 
freshness 
assessment 

Multi-fruit 
dataset, not 
specifically 
designed 
for apple 
object 
detection 
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The advancement of apple quality inspection systems has involved several methods, ranging from conventional 
image processing and machine learning classification to deep learning-based object detection. Traditional 
inspection techniques generally depend on manual sorting or manually designed visual features, making them 
prone to subjectivity, requiring more time, and less suitable for high-volume postharvest sorting processes. In 
comparison, the YOLOv12s-based method proposed in this study offers an end-to-end real-time object 
detection approach that is more applicable for practical apple quality sorting, especially in embedded systems 
or edge-based environments. 

The proposed model achieved an accuracy of 93%, with a precision value of 0.91, recall of 0.89, and F1-score 
of 0.92. These results indicate that the model provides competitive performance as a lightweight single-stage 
detector for rotten apple detection. Compared with previous object detection research, such as the YOLOv3-
based approach reported in [13], which achieved moderate performance in defect detection, the proposed 
approach shows stronger potential for rapid sorting applications. Although several classification-based or 
specialized imaging methods, such as the CNN-based approach in [16] and the pruning-based YOLOv4 method 
using NIR cameras in [15], achieved high performance, these approaches either lack direct object localization 
or require additional imaging hardware and more specific deployment conditions. 

In addition, studies focusing on specific anatomical regions or multi-task formulations offer complementary 
perspectives. The optimized YOLOv5s approach in [32], for instance, was primarily designed for stem/calyx 
recognition rather than fresh-versus-rotten classification, indicating that real-time object detection in apple 
imaging has mainly been explored for localized structural features rather than holistic quality assessment. 
Similarly, the multi-task CNN in [19] demonstrated that freshness detection can be combined with fruit-type 
classification, but this approach was developed for a multi-fruit dataset and was not specifically optimized for 
apple-focused object detection. These comparisons suggest that the proposed YOLOv12s framework addresses 
a more direct formulation of the fresh-versus-rotten detection task while retaining real-time, edge-deployable 
characteristics. 

Overall, these findings indicate that YOLOv12s is a promising method for real-time rotten apple detection and 
postharvest quality sorting because it provides a good balance between detection accuracy and computational 
efficiency. However, the reduced performance under challenging conditions, such as low illumination, 
occlusion, and diverse background settings, suggests that further improvement is still needed before large-
scale practical implementation. Future studies should focus on expanding the dataset, increasing 
environmental variability, and improving model robustness so that the system can generalize more effectively 
across real-world sorting scenarios while maintaining real-time detection capability. 

4. Conclusions and Future Works 
This study shows that YOLOv12 can be utilized as a lightweight real-time object detection model for 
postharvest apple quality sorting. By classifying apples into two categories, fresh apple and rotten apple, the 
proposed system obtained an accuracy of 0.93, precision of 0.91, recall of 0.89, and F1-score of 0.90 based on 
the reported confusion matrix. These findings suggest that the model can effectively differentiate fresh apples 
from rotten ones while also localizing the detected objects in RGB images. The scientific contribution of this 
study is reflected in the adaptation of an attention-centric YOLOv12 detector for rotten apple detection, 
supported by evaluation using standard classification metrics and robustness testing scenarios. From a 
practical perspective, the proposed approach can contribute to automated postharvest sorting systems, 
particularly through low-cost RGB camera-based inspection and potential edge-device deployment. 
Nevertheless, further validation is still needed using larger datasets, more diverse lighting conditions, varied 
backgrounds, different apple varieties, and real conveyor-based sorting environments. 
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