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 Vanilla cultivation in Indonesia is often affected by various plant diseases, 

which pose significant challenges to productivity. However, images of 

vanilla disease data available on the internet are very limited for public 

access; the easily accessible disease images are mostly found in books 

related to vanilla or vanilla gardening. In this study, data collection involved 

18 images of vanilla plants infected with basal stem rot caused by the fungus 

Sclerotium rolfsii and 20 images of healthy green vanilla plants sourced 

from websites. A pretrained U-Net model from “ImageNet” with a mobile 

network version 2 (MobileNetV2) backbone was employed, using 

parameters of 100 epochs, batch size 16, image size 256 × 256, and learning 

rate 0.0001. The model was trained using four different color preprocessing 

methods: RGB, CIE Lab, HSV, and YCbCr. Experimental results showed 

that the YCbCr color representations consistently achieved the best 

segmentation performance on both training and validation datasets. Color 

representations such as CIE Lab and YCbCr can better capture contrast and 

lighting variations compared to RGB, resulting in a more robust and 

generalizable model. 
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1. INTRODUCTION 

Vanilla cultivation in Indonesia is often affected by various plant diseases, which contribute to 

vanilla low quantity and quality. Diseases that affecting vanilla plant such as, stem rot caused by Fusarium 

oxysporum, the base stem rot sclerotium, the pods rot, vanilla shoots tor, and anthracnose caused by 

Colletotrichum gloeosporioides [1]. Diseases that infect vanilla plants affect the availability of vanilla 

commodities in meeting market demand. Early detection of these diseases helps prevent the spread of 

pathogens to other parts of the plant or between individual vanilla plants. Artificial intelligence (AI) can 

assist in detecting the presence of vanilla diseases by capturing images and collecting them, after which the 

data is prepared before being processed by a model to identify the type of disease affecting the plant.  

Many image segmentations implemented in detection for crop diseases, early and late blight in 

potato using U-Net for semantic segmentation achieved 89.91% on mean intersection over union (MIoU) [2], 

tea coal, target spot, and brown blight in tea plantations with mask region-based convolutional neural 

network (R-CNN), wavelet transform, and four-channeled residual network (F-RNet), the Mask R-CNN 

model was able to detect 98.7% and F-RNet model achieved an accuracy of 88% [3]; apple disease 

identification using dice focal loss-U-Net + convolutional block attention module (DFL-U-Net + CBAM), in 

the evaluation of lesion segmentation and disease identification, the model achieved a MIoU of 91.07%, a 
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mean pixel accuracy (MPA) of 95.58%, and an F1-score of 95.16% [4], convolution neural network (CNN), 

support vector machine (SVM), k-nearest neighbors (KNN) model with GoogleNet obtained 98.50% [5], 

Mask R-CNN with residual network 50 layers (ResNet50) backbone provides 80.5% accuracy [6]; tomato 

leaf with modified U-Net obtained 98.66%, 98.5% MIoU score, and 98.73% on dice coefficient [7]; and 

other model using SVM obtained 100% accuracy for healthy leaf, 90% septoria spot, 95% early blight, and 

85% late blight [8]; pear leaf with mask RCNN showed experimental result MPA 91.49% and MIoU 88.55% 

[9]; maize plant disease using region of interest attention network (RA-Net) framework obtained 43.10% on 

Dice intersection over union (IoU) comparison with transformer and reverse attention based method [10]; 

disease leaves with small inception model obtained 99.75% [11]; guava leaf disease using hybrid approach 

model U-Net-mobile network version 2 (MobileNetv2) obtained 92.41% accuracy on average, the 

segmentation model got 83.40%, and the detection model based on you only look once version 5 (YOLOv5) 

gained 71% on mean average precision (mAP) [12]; and peach disease using Mask R-CNN with ResNet101 

as backbone obtained 46.50% on mAP segmentation [13]. 

Images of vanilla plant diseases on the internet are rarely available for public access. Most 

accessible disease images are found in books related to vanilla or vanilla gardening. However, images of 

vanilla plants themselves are quite widely available, such as on the global biodiversity information facility 

(GBIF), website, GitHub, and other opensource sites. There are also datasets that include mixed content with 

vanilla products (such as dried vanilla pods) available on Kaggle.  

 

 

2. METHOD 

In this study, data collection involved obtaining 20 images for each vanilla plants conditions such as 

healthy plants, infected with basal stem rot, stem root, and anthracnose caused by the fungus Sclerotium 

rolfsii, Fusarium sp., Colletotrichum sp. Then masks were then applied using LabelMe, marking the infected 

areas (foreground) and the healthy or background areas (background). All images were in RGB format (.jpg), 

and the masks were in PNG format (.png), organized based on disease category. This limited dataset needs to 

be handled properly to achieve balance, in order to produce a good-fit model, as shown in Figure 1. 

 

 

 
 

Figure 1. Dataset limited handled workflow 

 

 

2.1.  Convert to color space 

Various color space models—such as RGB, HSI, CMYK, Lab, and HSV—can be utilized for 

analysis. Typically, the acquired images are initially processed within the RGB color space, and color 

transformations are applied to the images to standardize the color representation [14]. The mean and standard 

deviation of each channel in an RGB image are also calculated. A contour is defined as a line that traces all 

the pixels along the boundaries of an element [15]. The YCbCr color space separates luminance information 

(Y) from chrominance information (Cb and Cr), making it more stable under varying lighting conditions. The 
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converted YCbCr images are saved as intermediate outputs for further visual analysis. This step aims to 

enhance the model’s robustness against lighting variations and differences in disease coloration. 

 

2.2.  Remove background 

Each pixel in the original image with a mask value of 0 (background) is set to zero (black). This is 

intended to emphasize the foreground area (e.g., diseased regions) and reduce noise from irrelevant 

background information. The initial images were processed to eliminate background interference  

through segmentation [16]. 

 

2.3.  Mask dilatation 

The disease regions in the mask images are sometimes thin or fragmented, which may lead to 

insufficient representation during patch extraction. To address this, morphological dilation was applied to the 

masks using a 5 × 5 structuring element, it helps ensure that the lesion area is completely included [17]. This 

operation enlarges the foreground areas, ensuring that a greater portion of the diseased region is included 

within extracted patches. Consequently, this step improves the quality of training data by increasing the 

representation of relevant disease features, facilitating better model learning. 

 

2.4.  Patch 

The cropped images and masks were divided into non-overlapping patches of 256 × 256 pixels. This 

patching approach enabled accurate disease classification, images need to be split into smaller patches or 

segments. These segmented portions are then passed to a classifier to identify any signs of disease [18]. Each 

patch was evaluated, and only those containing at least 1% foreground pixels were retained for further 

processing. This filtering step aims to prevent the model from training on patches without meaningful 

information (i.e., empty or background-only regions). The model is able to improve its accuracy in classifying 

and detecting plant diseases by learning from a broader and more varied collection of samples [19]. 

 

2.5.  Augmentation 

Datasets commonly consist of both raw and synthetically augmented images. When the available 

original data is limited, augmentation becomes essential to support the training process. This step generates 

extra samples within the dataset, which helps reduce generalization errors in the CNN and enhances the 

model’s ability to handle unseen data more effectively [20]. 

To reduce the risk of overfitting—where the model overly adapts to the training set and performs 

poorly on unseen data—data augmentation techniques are frequently employed. Two widely used approaches 

are image manipulation and image erasing [21]−[23]. The former involves altering the image either spatially 

(e.g., flipping or rotating) or by modifying pixel-level characteristics such as brightness and contrast. These 

operations are generally divided into geometric augmentations, which adjust the spatial configuration of the 

image, and non-geometric augmentations, which focus on changing pixel values or introducing noise. The 

selected patches are then augmented using both geometric and non-geometric augmentation steps to increase 

data variability and enhance model robustness against real-world conditions. 

 

2.5.1. Geometric 

Geometric manipulation techniques involve transforming the spatial structure of image data by 

altering orientation, position, or aspect ratio. These transformations modify the arrangement of pixels through 

operations such as rotation, translation, shearing, and flipping. Rotation entails rotating the image by an angle 

ranging from 0° to 360°, enabling the model to recognize objects regardless of their orientation. Flipping 

reverses the image either horizontally or vertically, enhancing the model’s ability to generalize across mirrored 

variations. These geometric augmentations contribute to improved model robustness by introducing spatial 

diversity within the training dataset. Each patch undergoes five transformations with specific probabilities: 

horizontal flipping (p = 0.5), random rotation within ± 15°, and resizing back to 256 × 256 pixels. Each 

augmentation produces five new variants from a single patch, as illustrated in Figure 2. 

 

 

 
 

Figure 2. Geometric augmentation 
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2.5.2. Non-geometric 

Non-geometric augmentation techniques involve altering the visual characteristics of an image 

without modifying its spatial structure. These methods include cropping and resizing, noise injection, and 

color space transformation. Cropping and resizing consist of selecting a smaller region of the image and 

scaling it to the original dimensions. This approach is commonly applied during the preprocessing stage to 

improve input consistency and enhance model generalization [21], [24]. Noise injection adds random noise to 

the image to simulate real-world imperfections, thereby increasing the robustness of neural networks against 

noisy or low-quality data. Color space transformations adjust individual color channel values independently, 

helping to reduce biases caused by specific lighting conditions and improving model performance across 

diverse environments. Jittering randomly modifies image properties such as brightness, contrast, saturation, 

and hue, controlled by hyperparameters defining allowable variation ranges. Additionally, operations such as 

blurring, brightness adjustment, and further noise injection are applied to simulate conditions like  

out-of-focus imagery, varying illumination, and data imperfections. These augmentations improve a model’s 

ability to handle novel or unpredictable real-world scenarios.  
 

2.6.  Split 

After the augmentation process is completed, all generated image and mask pairs are prepared for 

model training. However, before being used for training, the dataset needs to be split into three distinct 

subsets: training, validation, and testing. The splitting is performed in two stages using the following 

approach: the dataset is first divided into 85% for training and 15% validation. 
 

2.7.  Train  

Pretrained U-Net segmentation model using the ImageNet dataset, with MobileNetV2 as the 

backbone, sigmoid activation, early stopping, and learning rate reduction used during train. MobileNet 

greatly lowers computational expenses and model complexity compared to standard convolutional methods. 

This design enables MobileNet to maintain an efficient structure while still delivering acceptable  

accuracy and improves efficiency by using depthwise separable convolutions, reverse residual connections 

for deeper feature learning, and linear bottlenecks to preserve low-dimensional information [25], [26]. The 

model trained using four different color preprocessing methods: RGB, CIE Lab, HSV, and YCbCr with 

parameters were set as follows: 100 epochs, batch size of 16, image size of 256 × 256 pixels, and a learning 

rate of 0.0001. 
 

2.8.  Evaluation 

The evaluation results based on accuracy, Dice, also CrossEntropyloss and Diceloss for the four 

models are presented in Tables 1 and 2. The accuracy defined as the number of correct predictions, including 

both correct positive and negative predictions, compared to the total number of predictions [27]. Accuracy 

can be calculated using (1). Dice is used most widely used metric for assessing segmentation accuracy. It can 

be expressed in terms of per-voxel classification of true positives (TP), false positives (FP), and false 

negatives (FN), as shown in (2). A weighted combination of the Dice similarity coefficient (DSC) and a 

modified version of the cross-entropy loss is used as the combined loss function, which is defined in (3), 

where 𝛼 ∈ [0, 1] determines the relative importance of the Dice and cross-entropy components in the loss 

function. Additionally, 𝛽 adjusts the weight given to false positives and false negatives, with a 𝛽 value 

greater than 0.5 placing a higher penalty on false negatives compared to false positives [28]. The modified 

cross-entropy loss used in the combined loss function is defined in (4). 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
 (1) 

 

𝐷𝑆𝐶 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
 (2) 

 

𝐿𝑐𝑜𝑚𝑏𝑜 = 𝛼(𝐿𝑚𝐶𝐸) − (1 − 𝛼). 𝐷𝑆𝐶 (3) 
 

𝐿𝑚𝐶𝐸 = −
1

𝑁
∑ 𝛽(𝑦𝑖 ln(𝑝𝑖)) + (1 − 𝛽)[(1 − 𝑦𝑖) ln(1 − 𝑝𝑖))]
𝑁
𝑖=1  (4) 

 

 

Table 1. Evaluation train model 
Color models Accuracy Dice Loss 

RGB 0.9828 0.9699 0.0740 

CIE Lab 0.9874 0.9792 0.0529 
YCbCr 0.9877 0.9801 0.0511 

HSV 0.9778 0.9652 0.0931 
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Table 2. Evaluation valid model 
Color models Accuracy Dice Loss 

RGB 0.9684 0.9790 0.1224 
CIE Lab 0.9654 0.9821 0.1417 

YCbCr 0.9674 0.9831 0.1386 

HSV 0.9617 0.9780 0.1370 

 

 

3. RESULTS AND DISCUSSION 

The model performance on the training dataset using four different color spaces: RGB, CIE Lab, 

YCbCr, and HSV. Among these, the model trained with the YCbCr color space achieved the highest 

accuracy (0.9877) and highest dice coefficient (0.9801), while also attaining the lowest loss value (0.0511). 

This indicates that YCbCr effectively enhances feature representation, enabling the model to better learn 

object characteristics during training. The CIE Lab model also demonstrated competitive performance with 

accuracy and Dice values of 0.9874 and 0.9792, respectively. Meanwhile, the RGB-based model, although 

commonly used, showed slightly lower results (accuracy of 0.9828 and Dice of 0.9699). The HSV color 

space resulted in the lowest training performance, particularly with the highest loss (0.0931), suggesting that 

the hue-based representation in HSV might be less suitable for feature learning in this context. 

Evaluation results on the validation dataset. Unlike the training phase, the RGB color space 

achieved the highest accuracy (0.9684), indicating better generalization. However, in terms of the Dice 

coefficient—which is a more relevant metric for segmentation tasks—the YCbCr model still performed best 

(Dice = 0.9831), followed closely by CIE Lab (0.9821) and RGB (0.9790). Interestingly, all models exhibited 

increased loss values on the validation data, indicating a slight overfitting. The RGB model had the lowest 

validation loss (0.1224), while CIE Lab and YCbCr showed slightly higher losses (0.1417 and 0.1386, 

respectively). Despite higher loss, their Dice scores remained superior, which suggests that they maintain 

better spatial segmentation quality. The HSV model consistently ranked lowest across metrics on both 

training and validation sets, indicating its unsuitability for this specific segmentation task. 

The superior performance of the YCbCr color space is consistent with previous studies 

demonstrating that separating luminance from chrominance improves robustness to illumination variations 

and enhances lesion feature representation for plant disease segmentation [6], [14]. Although the RGB model 

achieved the highest validation accuracy, the YCbCr model obtained the highest Dice coefficient, indicating 

better spatial agreement between the predicted masks and the ground truth. This observation supports the 

findings of Müller et al. [27], who reported that the Dice coefficient is a more reliable metric than  

pixel accuracy for evaluating semantic segmentation quality. Furthermore, the slight increase in validation 

loss across all color spaces suggests mild overfitting, which is common in deep learning models trained on 

limited agricultural image datasets. Similar findings have been reported [21], [25], who emphasized that 

preprocessing and data augmentation are essential for improving model generalization. 

The comparative analysis reveals that YCbCr and CIE Lab color spaces enhance segmentation 

performance more effectively than RGB and HSV, particularly in terms of the Dice coefficient. These color 

spaces separate luminance from chrominance, which may improve the model’s ability to learn object 

boundaries and spatial features. However, the discrepancy between training and validation loss across all 

models suggests the need for additional regularization techniques or data augmentation strategies to reduce 

overfitting and improve model generalization. Overall, the results demonstrate that transforming images into 

YCbCr or CIE Lab color spaces before model training can lead to better segmentation outcomes, especially 

in tasks where spatial accuracy is critical. The identification result from patch shows in Figure 3, where 

Figure 3(a) shows the original, Figure 3(b) shows the mask prediction, and Figure 3(c) shows the overlay. 

 

 

 
(a) (b) (c) 

 

Figure 3. Vanilla disease identification from patch (a) original, (b) mask prediction, and (c) overlay 
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4. CONCLUSION 

This study investigated the impact of different color space representations—RGB, CIE Lab, YCbCr, 

and HSV—on the performance of a deep learning model for image segmentation. Based on the experimental 

results, it was found that the YCbCr color space consistently produced the best performance, particularly in 

terms of the Dice coefficient, which is crucial for segmentation tasks. The CIE Lab color space also 

demonstrated strong performance, outperforming the standard RGB representation in both training and 

validation phases. Although the RGB model achieved the highest validation accuracy and lowest validation 

loss, the YCbCr and CIE Lab models maintained superior segmentation quality, as evidenced by their higher 

Dice scores. In contrast, the HSV color space resulted in the lowest performance across all metrics, indicating 

its limited effectiveness in this application. The findings suggest that converting images to YCbCr or  

CIE Lab color spaces can improve model accuracy and segmentation quality. Future work should explore 

data augmentation and regularization strategies to address the overfitting observed during validation and 

further improve model generalization.  
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