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Many deep learning-based automated detection systems for mango
(Mangifera indica) leaf diseases have been developed. However, most
previous studies have focused on older models and have not
specifically evaluated the performance of the latest models in multi-
class scenarios. Therefore, this study aims to fill this gap by
comparatively evaluating two current lightweight YOLO models:
YOLOv12n and YOLOv26n. This study developed an automated
detection system to identify five types of mango leaf diseases:
anthracnose, powdery mildew, cutting weevil, dieback, and sooty mold.
Using a dataset of 1,970 images divided into training, validation, and
testing data with proportions of 70%, 20%, and 10%, respectively. Both

models were trained for 100 epochs and evaluated using accuracy,
recall, precision, and F1 score. The results of the testing show that
YOLOv26n shows higher performance with an accuracy of 97.06%, a
precision of 98.25%, a recall of 98.76%, and an F1 score of 98.50%, as
well as more consistent performance when compared to YOLOv12n.
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1. Introduction

Mango (Mangifera indica L.) is native to India and is classified in the Anacardiaceae family [1]. As a
major export product, the mango (Mangifera indica L.) is widely cultivated in Indonesia. The Central
Statistics Agency (BPS) recorded an increase in mango (Mangifera indica L.) production in Indonesia, from
2,835,442 tons in 2021 to 3,308,895 tons in 2022. However, in 2023, production decreased slightly to
3,302,620 tons [2]. Decreased productivity of mango (Mangifera indica L.) plants is one of the problems
related to disease [1]. In some cases, the disease cannot be clearly diagnosed, and the response to the
surrounding environment is delayed. However, certain diseases have clear signs based on their symptoms
[3].

For example, leaf diseases such as anthracnose are often only identified when symptoms are already
severe. This reduces the effectiveness of control and increases costs [4]. Using traditional methods to detect
plant diseases is quite complex and prone to unavoidable errors [5].

Given these problems, this can be technically addressed by implementing disease detectors to assist
farmers [6]. Therefore, a system for the automatic inspection and classification of disease-infected leaves
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(Mangifera indica L.) using a Deep Learning (DL) model is proposed [7]. This intelligent system is designed
to automatically detect and identify leaf diseases (Mangifera indica L.) using the YOLOv12n and
YOLOv26n deep learning-based training models.

Many researchers have previously researched mango leaf disease detection. One of these is detection
using YOLOvV7. The results showed a high identification rate, reaching 92.1% [8]. Subsequent research using
YOLOV8 showed a high success rate, reaching 99.29% [9]. However, the YOLOv7 model still has
limitations when detecting small objects, while the YOLOV8 model is less than optimal when recognizing
disease symptoms in the early stages that have less clear visual characteristics.

Furthermore, previous research has focused on a single YOLO model, without comparing it with other
YOLO models, particularly with newer YOLO models. This has limited the ability to evaluate the
performance improvements offered by the latest YOLO model, particularly within the multi-class mango leaf
disease framework. Therefore, there is still a research gap in comparative analysis between the latest
generation YOLO models to achieve better detection performance.

Based on this issue, this study aims to develop an automatic mango leaf disease detection system using
the YOLOvV12n and YOLOv26n models. The novelty of this study lies in the use of two latest-generation
YOLO models, which are then directly compared on a multi-class dataset and a comprehensive performance
evaluation using accuracy, precision, recall, and F1-score. In addition, this study also analyzes the model
performance in classes that are difficult to detect, such as the cutting weevil, which has inconsistent shape
characteristics, and anthracnose and sooty mold, which have visual similarities.

This study aims to analyze and compare the performance of YOLOv12n and YOLOV26n in detecting and
developing a leaf disease detection system (Mangifera indica) using YOLOv12 and YOLOV26. This is
expected to provide the best model for detecting leaf diseases (Mangifera indica) in real-time and offline by
farmers.

I Research Method
The stages in this research can be seen in Figure 1.
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Figure 1. Research Method

The methods used are YOLOvV12 and YOLOV26, with implementation using Ultralytics. YOLOV12 is an
object detection model that can match the speed of previous CNN-based models. YOLOv12 outperforms all
popular real-time object detectors in terms of accuracy with competitive speed [10]. Then YOLOV26 is the
latest and most advanced generation of the YOLO family, specifically designed to provide accuracy,
efficiency, and readiness for implementation on edge and low-power devices [11]. In addition, developments
in YOLOv26 are aimed at improving the efficiency and stability of the model training process. And
increased inference speed is expected to provide more optimal detection results [12].
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A. Collecting Dataset

The data used in this study were obtained from datasets on the Kaggle platform. The number of datasets
used was 1970 [13]. The number of each image was 394 images with an image resolution of 240x320 pixels.
The types of leaf diseases (Mangifera indica) in this study were anthracnose, cutting weevil, dieback,
powdery mildew, and sooty mold. Powdery mildew disease is characterized by the presence of white,
powdery fungal growth on the leaf surface (Figure 2A) [14]. Anthracnose disease (Figure 2B) is
characterized by brown to black lesions with unclear boundaries on the infected surface [15]. Then, for the
cutting weevil, the leaves look like they have been neatly cut with scissors (Figure 2C) [16]. Sooty mold
disease forms a black layer on the leaf surface (Figure 2D) [17]. Dieback disease was identified from the
wilting that started from the tip of the branch [18] (Figure 2E)
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Figure 2. Classification of Ielz;f diseases (Mglfera |nd|ca) (2A) Powdery mildew,
(2B) Anthracnose, (2C) Cutting weevil, (2D) Sooty mold, (2E) Dieback

B. Annotating bataset

Before generating the YOLO model, dataset annotation was performed. The dataset annotation process is
a process to identify or provide markers to objects to be identified [19]. The dataset annotation process in this
study was carried out using the Roboflow platform by one annotator with an annotation model using
bounding boxes and polygons. However, for the needs of object detection model training, annotations were
converted to YOLO format in the form of bounding boxes with normalized coordinates during the dataset
export process from Roboflow. Then the preprocessing process used Auto-Orient, and the augmentation
process used was Horizontal, Vertical Flip, 90° Rotation, Random Rotation in the range of —15° to +15°,
Shear of £10% in the horizontal and vertical directions, and no resizing was performed. Then, the dataset of
1970 images was divided into three categories, namely 70% for training, 20% for validation, and 10% for
testing. This process can be seen in the image below. The annotation process can be seen in Figure 3.

No Tags Applied
- 120% ¢§ + Reser 3

Figure 3. Annotation dataset
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C. Training Dataset

Then, for the annotated dataset, a deep learning-based dataset training process was carried out to train the
model used. The pre-trained models used in this study were YOLOv12 and YOLOvV26. The annotation
results from Roboflow were then trained for the YOLOV12n and Yolov26n models. The nano (n) variant was
used because it is suitable for implementation on low-resource devices. The training process used the Google
Colaboratory platform with a T4 GPU, with parameters for the number of epochs of 100, a batch size of 8,
and an image size of 320 x 320 pixels. The optimizer, scheduler, learning rate, and random seed
configurations used the default settings from Ultralytics YOLO. The use of this default configuration aims to
ensure training stability and ease of reproducibility. In this process, 70% of the total dataset was used. The
training process can be seen in Figure 4.
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Figure 4. Training dataset

D. Validation Dataset

After the training process, the next step is model validation. This stage uses 20% of the total dataset, and
no parameter changes are made. This stage is used to monitor model performance during the training
process.

E. Test Dataset

After the training and validation process, the deep learning model is tested using a test dataset, a set of
data used to assess the model's performance. The dataset used for testing represents 10% of the total dataset,
which is 197 images. These images are then used to evaluate the model.

F. Evaluation

Then, model evaluation was conducted using two approaches: object detection-based for validation and
classification-based for testing. In the validation phase, the evaluation used standard object detection
methods, using precision, recall, and mean average precision (mAP) values at an loU threshold of 0.5 and a
range of 0.5-0.95. In addition to these values, a confusion matrix was also used as an additional analysis to
evaluate and identify patterns of misclassification between classes. These values were obtained from the final
results of the YOLO model on Google Collaboratory. This stage was used to measure the model's ability to
accurately detect objects.

Then, in the testing phase, the object detection results were converted into a classification-based
evaluation to calculate accuracy, precision, recall, and F1 score. The values for each category were obtained
from equations (1), (2), (3), and (4). The training, validation, and testing processes used the same parameters
for both models. This was done to ensure a fair performance comparison between the two models.

Accuracy = TPV % 100% (¢9)
TP+TN+FN+FP
.. TP
Precision = x 100% 2
TP+FP
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TP

Recall = X 100% (3
TP+FN
_ 2+(Precision *Recall) 0
F1 Score = (Precission+Recall) x 100% (4)
Table 1. Predicted Value

TP True Positive
TN True Negative
FP False Positive
FN False Negative

. Results and Discussion
A. Training performance

In the training process, this study used 70% of the dataset for each YOLOv12n and YOLOv26n model
with 100 epochs. The results of the training process are in the form of box loss values, classification loss, and
distribution focal loss (dfl). The training results for each YOLO model are shown in Figures 5 and 6.

train/box_loss trainfcls_loss train/dfl_loss
1.5
& —e— results {
i 2.0 1 smooth
1.2 % 1.4 1 *\
1.0 1 1.51 b 1.3 4
0.8 - 1.0 1.2 A
0'6_| T k; 0'5_| T T 1'1-| T T
0 50 100 0 50 100 0 50 100

Figure 5. YOLOv12n 100 epochs training test loss values (A) Training boxloss, (B) Training classification loss, (C)
Training distribution focal loss (dfl)

From Box loss is a matrix used to measure the reliability of the predicted bounding box overlap with the
actual bounding box, thus illustrating the model's ability to determine object location. Therefore, the smaller
the box loss value, the more accurate the detected object's position. Classification loss measures the
difference between the predicted class probability and the actual class label. Distribution Focal Loss (dfl) is
used to address class imbalance when detecting objects across different classes and to refine bounding box
predictions, especially for objects that are difficult to distinguish [20][21]. The training results for the
YOLOv12n model with 100 epochs, as seen in Figure 5, show an average box loss of 0,95014; a
classification loss of 0,94543; and a Distribution Focal Loss (dfl) of 1,29476.
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Figure 6. YOLOv26 100 epochs training test loss values (A) Training boxloss, (B) Training classification loss, (C)
Training distribution focal loss (dfl)

Meanwhile, the training performance results of the YOLOv26n dataset with epoch 100 can be seen in
Figure 6; the average box loss value is 1,04624; the classification loss is 1,19796; and the distribution focal
loss is 0,01951. Based on the general training results of both YOLO models in this case, YOLOv12n tends to
have better results in adjusting the training data in terms of bounding box placement and abject classification
because it has lower box loss and classification loss values compared to YOLOv26n. However, when viewed
from the distribution of focal loss (dfl), YOLOv26n is better when modeling the distribution of bounding box
coordinates with precision, especially in capturing complex object details. This is because YOLOV26 has a
smaller distribution focal loss (dfl) value than YOLOv12n.

The difference in loss values indicates that each model has different characteristics during the training
stage. In general, box loss and classification loss reflect the model's ability to adapt to the training data, while
(dfl) contributes to the quality of the bounding box's spatial representation. This difference may also indicate
variations in learning mechanisms influenced by the architecture of each model. Furthermore, the difference
in loss values can provide an initial insight into the stability of the training process. However, further
evaluation analysis is needed to assess the overall performance of the model.

B. Validation Performance

Then, in the model validation test process, in this research, 20% of the dataset was used for each
YOLOv12n and YOLOv26n model with a total of 100 epochs. The results of this validation process are in
the form of recall, precision, mean average precision (mAP), box loss, confusion matrix, classification loss,
and distribution focal loss (dfl).

metrics/precision(B) metrics/recall(B)
0.72 A
0.95 A 0.70 -
0.90 - 0.68 -
0.66 A
0:831 0.64
0.804, . J WRELE .
0 50 100 0 50 100

Figure 7. Precision values (left) and recall values (right) of validation test results on YOLOv12n 100 epochs
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Figure 8. Precision values (left) and recall values (right) of validation test results on YOLOv26n 100 epochs

Figures 7 and 8 show the precision and recall values for each model. The YOLOv12n model with 100
epochs had a precision of 0,95661; while the YOLOv26n model had a precision of 0,95734. Precision
results, values close to 1 indicate a low false positive rate [22]. This means that most positive predictions are
consistent with the actual situation. Therefore, a higher precision value indicates a more selective model
when detecting objects. The ratio of the system's success in finding the input dataset is called recall [23]. The
recall value for the YOLOv12n model was 0,71396 and for YOLOv26n, the result was 0,70462. By
definition, a low recall value indicates a high number of missed objects (false negatives).

Based on the results obtained from the model validation process, YOLOv26n has a higher precision,
indicating that the model is more selective when detecting objects, thus minimizing false positives. However,
a lower recall value indicates that the model tends to miss some objects (false negatives) when detecting
objects. However, conversely, YOLOv12n has a higher recall value. This indicates that the model is able to
detect more objects, but allows a greater number of false positives. Thus, in this case, YOLOvV26n is better at
reducing false positives, while YOLOV12n is better at reducing false negatives.
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Figure 9. Confusion matrix validation test on YOLOv12n 100 epochs
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Figure 10. Confusion matrix validation test on YOLOv26n 100 epochs

Figures 9 and 10 show the performance results of each model for each class in the dataset. In the
YOLOv12n model (Figure 9), the anthrachnose class reached 62%, the cutting weevil reached 58%, the
dieback reached 100%, powdery mildew reached 77%, and sooty mold reached 62%. Meanwhile, for the
YOLOv26n model (Figure 10), the anthrachnose class reached 61%, the weevil reached 57%, the dieback
reached 100%, powdery mildew reached 78%, and sooty mold reached 64%. Based on the confusion matrix
results, the average YOLOv12n reached 71.8%, while YOLOv26n reached 72%. This indicates an
improvement in YOLOv26n.

These results indicate that the cutworm beetle is the most difficult to detect due to its lowest performance
score. This is due to its visual characteristics, which lack contrast. Furthermore, anthracnose and sooty mold
also performed quite poorly. This could be due to the visual similarity between anthracnose and sooty mold,
which both display dark patterns on the leaf surface, albeit with different shapes. Furthermore, dieback had
the highest performance score due to its distinctive visual characteristics. Powdery mildew also scored quite
high due to its distinctive appearance, which resembled a white powder on the leaf surface.

Detection performance tends to vary depending on brightness, size, and disease intensity. In this case,
based on the confusion matrix results, YOLOv26n demonstrated improved detection performance compared
to YOLOv12n.

metrics/mAP50(B) metrics/mAP50-95(B)
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Figure 11. YOLOv12n mAP values of 100 epochs at a threshold of 0,5 (left) and at a threshold of 0,5 - 0,95 (right)

34



Nucleus Journal Vol. 5 No. 1 Tahun 2026
Jurnal Sain dan Teknologi

metrics/mAP50(B) metrics/mAP50-95(B)
0.751
) 0.65 4
0.70 | 0604 &
0.65 4 0.55 A
0.60 - 0.50 1
(') 510 160 (") Sb 1(')0

Figure 12. YOLOv26n mAP values of 100 epochs at threshold 0,5 (left) and at threshold 0,5 - 0,95 (right)

There are several ways to measure system performance, one of which is by using the mAP value. Mean
precision (MAP) is one of the most widely used evaluation metrics for object detection. Mean average
precision (mAP) takes the average precision across all classes and calculates it at a predetermined
Intersection over Union (loU) threshold [24]. Based on Figures 11 and 12, the YOLOv12n model (Figure 11)
has a Mean average precision (mAP) value at a threshold of 0.5 of 0.76987 and at a threshold of 0.5-0.95 of
0.66792. Meanwhile, in the YOLOv26n model (Figure 12), the mean average precision (mAP) value at a
threshold of 0.5 reaches 0.76492, and at a threshold of 0.5-0.95 reaches 0.67597.

These results indicate that YOLOv12n is slightly superior to YOLOv26n at an loU threshold of 0.5,
indicating better performance when detecting common objects. However, YOLOv26n's mAP value is
slightly higher in the loU range of 0.5-0.95. This reflects YOLOv26n's slightly better bounding box
localization accuracy across various loU thresholds.

This aligns with the previous precision and recall validation analysis, where YOLOv26n has a higher
precision value, reflecting more selective detection with a lower number of false positives. Meanwhile,
YOLOv12n has a higher recall value, reflecting its ability to detect a wider range of objects. Although
YOLOv26n is superior in localization accuracy, the performance difference between the two models is
relatively small. This suggests a trade-off between selectivity and detection coverage. Therefore, mMAP needs
to be further analyzed in conjunction with loss metrics to gain a more comprehensive understanding of model
performance.

val/box_loss val/cls_loss val/dfl_loss
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Figure 13. Validation test loss value on YOLOv12n 100 epochs (A) Box loss validation, (B) Classification loss
validation, (C) Distribution focal loss (dfl) validation
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Figure 14. Validation test values on YOLOv26n 100 epochs (A) Box loss validation, (B) Classification loss validation,
(C) Distribution focal loss (dfl) validation

In the validation process, the classification loss, box loss, and distribution focal loss (dfl) values were also
obtained. For each model, these are shown in Figures 13 and 14. In Figure 13, for the YOLOv12n model, the
average box loss value reached 0,70331, the classification loss reached 0,71931, and the distribution focal
loss (dfl) reached 1,02436. Meanwhile, in Figure 14, for the YOLOv26n model, the average box loss value
reached 0,74857, the classification loss reached 0,80466, and the distribution focal loss (dfl) reached
0,01859.

In general, the lower the loss value, it can be interpreted that the model has a good classification [25].
However, YOLOv26n showed lower DFL values with higher box bounding loss and classification values
compared to YOLOvI12n, indicating better box bounding distribution but weaker localization and
classification performance.

Other validation results confirmed that YOLOv26n had higher precision but lower recall, while
YOLOv12n showed the opposite. In terms of mAP, YOLOv12n performed slightly better at an loU of 0.5,
while YOLOv26n excelled at an loU of 0.5-0.95. This indicates more consistent localization at tighter
thresholds. These results suggest that loss value alone is not a strong enough indicator of overall model
performance and should be evaluated in conjunction with evaluation metrics such as precision, recall,
confusion matrix, and mAP for a more comprehensive assessment.

Based on the overall evaluation results, YOLOv26n can be considered the superior model in this case due
to its superior performance at mAP loU 0.5-0.95 and high precision values. This indicates more accurate and
consistent detection.

C. testing and evaluation

After the validation process, the next step is to conduct trials and evaluations. This trial process used 10%
of the total dataset used. The test results were taken from one image in each class for samples, which can be
seen in Table 2 for YOLOv12n and Table 3 for YOLOv26n. This was done to determine how the system
performs for each model in detecting objects, namely leaf diseases (Mangifera indica), compared to the
annotation that has been done. Below is a table of the results of YOLOv12n and YOLOv26n object
detection.
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Table 2. Test results for object detection on YOLOv12n 100 epochs

No Object detection results information System trust (%)

Correctly detected

L (Powdery Mildew) %0

2 Correctly detected %
' (Antrachnose)

3 Correctly detected 91
' (Cutting Weevil)

4 Correctly detected 91

(Sooty Mould)
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Correctly detected
(Dieback)

Misclassified
(Cutting Weevil as
Antrachnose)

Misclassified
(Sooty Mould as
Anthracnose)

Misclassified
(Sooty Mould as
Anthracnose)

86

94

66

56
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Misclassified
(Antrachnose as Powdery 83
Mildew)

Missed detection
(Powdery Mildew as Sooty 60
Mould)

10.

Table 3. Test results for object detection on YOLOv26n 100 epochs

No results Information System trust (%)

Object detection

Correctly detected

(Powdery Mildew) ol
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Correctly detected
(Antrachnose)

Correctly detected
(Cutting Weevil)

Correctly detected
(Sooty Mould)

Correctly detected
(Dieback)

94

94

95

90
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Sooty Mould 0.87

Sooty Mould 0.54

Misclassified
(Cutting Weevil as 82
Antrachnose)

Misclassified
(Powdery Mildew as Sooty 87
Mould)

Low confidence detection

(Sooty Mould) 54
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Low confidence detection

(Powdery Mildew) 51

Misclassified

10. (Sooty Mould as Anthracnose)

68

Then, the test results were calculated using equations 1, 2, 3, and 4 in the method section, which are then
displayed in Table 4 for YOLOv12n and Table 5 for YOLOv26n. Both tables show the system's performance
in detecting leaf diseases (Mangifera indica).

Table 4. Evaluation results of testing on YOLOv12n epoch 100

Class Accuracy (%) Precision (%) Recall (%0) F1 Score (%)
Powdery Mildew 95,94 96,43 99,47 97,92
Antrachnose 9391 95,36 98,40 96,86
Cutting Weevil 89,85 92,19 97,25 94,63
Sooty Mould 96,45 96,45 100 98,19
Die Back 96,45 96,94 99,48 98,18

Average 94,52 95,47 98,92 97,16

Table 5. Evaluation results of testing on YOLOv26n epoch 100

Class Accuracy (%) Precision (%) Recall (%0) F1 Score (%)
Powdery Mildew 97,46 97,96 99,48 98,71
Antrachnose 96,45 98,45 97,94 98,20
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Cutting Weevil 95,43 97,92 9741 97,66
Sooty Mould 97,46 98,46 98,97 98,70
Die Back 98,48 98,48 100 99,23

Average 97,06 98,25 98,76 98,50

Based on the Fl1-score values in Tables 3 and 4, among the classes evaluated in the YOLOv12n and
YOLOv26n models, cutting weevil consistently demonstrated the lowest F1-score across both models;
dieback, sooty mold, and powdery mildew performed better and more consistently. This is also supported by
the confusion matrix results from the validation process. Dieback class achieved the highest detection
accuracy, indicating that its visual characteristics are easily recognized by the model. Similarly, powdery
mildew and sooty mold also demonstrated strong performance with low classification errors. In contrast,
anthracnose performed slightly lower. This was due to the model's confusion when detecting visually similar
classes, particularly sooty mold.

For the cutting weevil class, error analysis indicates that the lower performance is associated with
frequent misclassifications. Several detection examples in Tables 2 and 3 indicate that the model incorrectly
classified this class as other diseases. This suggests that the visual characteristics of the Cutworm Beetle are
less distinctive and more difficult to detect.

In addition to misclassification errors, borderline cases were also observed, particularly in ambiguous
visual conditions. These cases were characterized by lower confidence scores and less accurate localization,
indicating the model's challenges in distinguishing similar patterns. Overall, YOLOv26n outperformed
YOLOv12n, as demonstrated by its higher F1 score and more stable performance across classes. This
indicates that the architectural improvements in YOLOv26n contributed to its improved detection
capabilities.

(\VA Conclusion

This study evaluated the YOLOv12n and YOLOv26n models for automatically detecting mango leaf
diseases. Based on the validation results, both models demonstrated a stable learning process, characterized
by a decrease in loss values (box loss, classification loss, and distribution focus loss). However, the
YOLOv26n model displayed better convergence and lower loss values. This indicates a more optimal model
generalization capability compared to YOLOv12n.

Furthermore, during testing, both models were able to detect objects in real time with a good level of
accuracy. However, the YOLOv26n model consistently demonstrated superior performance, reaching an
accuracy of 97.06% compared to YOLOv12n's 94.52%. This indicates that the architectural improvements in
YOLOv26n significantly contributed to improved detection performance. This is also supported by the
higher F1 score for YOLOv26n than for YOLOv12n.

Overall, the primary scientific contribution of this study is providing a comprehensive analysis of the
performance of two state-of-the-art lightweight YOLO models on a multi-class mango leaf disease dataset,
encompassing the training, validation, and testing stages. This research also confirms the trade-off between
computational efficiency and accuracy and indicates that newer models can provide significant performance
improvements without sacrificing efficiency. This research supports the application of efficient and accurate
deep learning models to agriculture, particularly for the early detection of plant diseases such as leaf spot
disease (Mangifera indica) with limited device resources.

Recommendations for future research include using larger and more diverse datasets to enhance model
learning, further refining the image annotation process to achieve optimal results, and utilizing other
advanced deep learning methods.
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