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Coffee is one of Indonesia’s leading plantation commodities; however, its productivity is 

threatened by various leaf diseases such as Cercospora, leaf rust, leaf miner, and Phoma, 

which can reduce yields by up to 50%. Conventional disease inspection methods are still 

widely used but often suffer from subjectivity and delays in diagnosis. This study aims to 

develop an early detection model for coffee leaf diseases by integrating Convolutional 
Neural Networks (CNN) and K-Nearest Neighbors (KNN) with synthetic augmentation 

using Deep Convolutional Generative Adversarial Network (DCGAN). In this model, the 

CNN extracts image features and the KNN performs the final classification. Additionally, 

DCGAN-based augmentation is applied to balance and enrich the dataset with realistic 

synthetic images. The dataset consists of five classes—Healthy, Cercospora, Leaf Rust,  
Miner, and Phoma—each containing 9,000 images. The proposed model achieved a 

classification accuracy of 99.34%, with precision, recall, and F1-score values approaching 

1.00. The 5-fold cross-validation confirmed the robustness of the model, resulting in an 

average accuracy of 97.63%. In conclusion, the hybrid CNN–KNN approach with DCGAN-

based augmentation proved to be effective and reliable for the early detection of coffee leaf 
diseases, offering great potential as an artificial intelligence (AI)-based decision support 

tool for precision agriculture applications. 
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1. INTRODUCTION

Coffee is one of Indonesia’s strategic plantation  

commodities that significantly contributes to the national 

economy and farmers’ income [1-3]. As both a major producer 

and exporter, the coffee subsector not only supports the 

economic development of rural areas but also plays a key role 

in maintaining food security and market stability [4-6]. 

However, the productivity of Coffea arabica  (Arabica) and 

Coffea canephora (Robusta) varieties continues to face serious 

challenges due to leaf diseases that directly affect yield  

quantity and quality [7-9]. Major coffee leaf diseases such as 

coffee leaf rust (Hemileia vastatrix) [10, 11], leaf spot 

(Cercospora coffeicola) [12, 13], and powdery mildew [14] 

have been reported to reduce production by up to 30–50% [15-

17]. These conditions highlight the importance of developing 

effective early detection systems to minimize economic losses 

and support the sustainability of coffee agribusiness. 

Traditionally, identification of coffee leaf diseases has 

relied on manual visual inspection in the field. Although 

simple and widely adopted, this method suffers from several 

limitations, including observer subjectivity, visual fatigue, and 

diagnostic inconsistency [18]. Such drawbacks often result in 

delayed disease control and inappropriate intervention 

strategies. Consequently, there is an increasing need for 

automated detection systems based on artificial intelligence 

(AI) and computer vision to ensure higher accuracy, 

reliability, and consistency in disease identification. 

Recent advances in deep learning, particularly 

Convolutional Neural Networks (CNNs), have revolutionized 

plant disease detection due to their superior capability in 

extracting complex and relevant visual features from leaf 

images [19-29]. Prior studies have demonstrated CNN 

effectiveness across various architectures, including ResNet50 

integrated with CenterNet [19], MobileNetV3 combined with  

Swin Transformer [20], and VGG-19 [25]. Several other 

studies have implemented CNNs in web-based systems [23] 

and hybrid configurations [22, 26]. In addition, the K-Nearest 

Neighbors (KNN) algorithm has been explored for classifying 

coffee diseases, producing promising results in terms of 

classification performance [28]. Collectively, these findings 

confirm the potentia l of CNNs for feature extraction in plant 

disease detection. 

Nevertheless, a  clear limitation remains in the final 

classification stage of CNN-based systems, which commonly 

depend on Softmax layers that are less adaptive to 

heterogeneous field data and variations in visual features [30, 

31]. This limitation suggests the need to integrate CNNs with  

more flexible and non-parametric classification methods such 

as KNN. The KNN algorithm demonstrates advantages in 

handling small-scale datasets, robustness to noise and outliers, 

and effective recognition of local feature patterns through 

distance-based learning [28, 32]. 

Another persistent challenge in deep learning–based 
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detection systems lies in the limited availability and diversity  

of labeled training data. Datasets for coffee leaf diseases are 

typically scarce and lack sufficient representation of real-

world variations. Traditional augmentation techniques—such 

as rotation, flipping, and brightness adjustment—are often 

insufficient to emulate complex environmental conditions. To 

address this, the use of Generative Adversarial Networks 

(GANs) has emerged as a powerful alternative, capable of 

generating synthetic images that resemble real data 

distributions while providing higher intra -class variability 

[29]. 

Building on these considerations, this study proposes a 

hybrid CNN–KNN framework with synthetic augmentation 

using a GAN-based approach for the early detection of 

Robusta and Arabica coffee leaf diseases. The Inception-

ResNet architecture serves as the CNN backbone due to its 

residual connections and multi-scale convolutional layers that 

capture rich hierarchical features. Extracted features are then 

classified using KNN to achieve ada ptive classification 

performance across diverse visual patterns. Meanwhile, GAN-

based augmentation is applied to balance and expand the 

dataset, enhancing generalization capability and mitigating 

overfitting risks. 

The main research motivation of this study is to design an 

AI-based diagnostic framework that not only achieves high 

detection accuracy but also maintains adaptability and 

robustness in real agricultural environments. The primary 

contribution lies in developing a hybrid methodology that 

combines CNN’s feature extraction strength with KNN’s non-

parametric adaptability, reinforced by GAN-based synthetic 

augmentation to overcome dataset limitations. This hybrid 

strategy is expected to yield a more accurate, resilient, and 

field-applicable detection model for coffee leaf diseases. 

Consequently, this work provides both theoretical and 

practical contributions to the advancement of AI-driven plant 

disease detection systems, supporting sustainable coffee 

productivity and Indonesia’s competitiveness in the global 

market. 

2. METHOD

In this study, the dataset consists of two types of datasets: 

one containing images of healthy coffee leaves (Healthy) and 

the other containing images of coffee leaves affected by 

diseases (NonHealthy), including Cercospora, Leafrust, 

Miner, and Phoma [33]. The images were collected from 

various Arabica and Robusta coffee leaves. Therefore, the 

dataset in this study is divided into several classes: Healthy 

(8,983 images), Cercospora (7,681 images), Leaf Rust (8,201 

images), Miner (6,978 images), and Phoma (6,571 images) 

(see Figure 1). The images in this dataset do not have a 

balanced number of images and lack a standard size, and the 

contrast levels vary across the images. 

This article proposes a hybrid CNN-KNN method for 

identifying diseases in Arabica -Robusta coffee leaves, where 

there are two types of datasets: one containing images of 

healthy coffee leaves (Healthy) and the other containing 

images of diseased coffee leaves (NonHealthy), including 

Cercospora, Leafrust, Milner, and Phoma. The workflow for 

the proposed hybrid system is shown in Figure 2. 

Deep learning is a part of machine learning that uses layered 

neural models. In image processing, this approach has recently 

achieved strong results. In our method, a CNN learns features 

from coffee leaf images and a KNN classifier uses these 

features to decide the disease class. The method is arranged 

into five stages, described in the following subsections. 

Figure 1. Arabica-Robusta coffee leaf images 

Figure 2. Working procedure of the proposed hybrid system 

2.1 Preprocessing 

In computer vision, preprocessing is used to improve raw 

images before analysis. In this work, several preprocessing 

steps are applied to the original coffee leaf images, as 

illustrated in Figure 3. 

Figure 3. Preprocessing steps 

2.1.1 Image resizing 

The images obtained from the dataset have varying sizes. 

Therefore, the first step taken is to resize the images to a 
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standardized size of 64 × 64 pixels. This resizing process 

ensures that the images used have consistent dimensions, 

which is essential for the efficiency and performance of the 

model in feature extraction using Inception ResNetV2 and 

classification using KNN [34, 35]. 

2.1.2 Normalization 

After resizing, the images are then normalized. 

Normalization is performed to ensure that the pixel values are 

within an appropriate range, usually between 0 and 1. This is 

important because the Inception ResNetV2 model and KNN 

perform more effectively when the input data has a uniform 

scale. This normalization process helps accelerate 

convergence during training and improves the model's 

accuracy in both feature extraction and classification [36]. 

2.1.3 Data augmentation 

Data augmentation aims to enrich the dataset by generating 

synthetic images that resemble the original images. In this 

study, data augmentation was performed using a Deep 

Convolutional Generative Adversarial Network (DCGAN) to 

generate synthetic coffee lea f images [37-39]. This technique 

enriches the limited dataset with new images that closely  

resemble the original ones, while still creating variations that 

strengthen the coffee leaf disease detection model. With this 

augmentation, the dataset becomes more diverse and balanced, 

helping to reduce the risk of overfitting and enhancing model 

performance, with the dataset from each class adjusted to 

9,000 images. 

In DCGAN, there are two main models: the Generator and 

the Discriminator [40]. The Generator is responsible for 

generating synthetic images from a latent vector (nz = 100) 

[41]. This vector is processed through several 

ConvTranspose2d layers, followed by BatchNorm2d and 

ReLU activation to generate images with higher resolution, 

128 × 128 pixels. The Generator attempts to create synthetic 

images that closely resemble the original coffee leaf images. 

The architecture used is summarized in Table 1. On the other 

hand, the Discriminator is responsible for distinguishing 

between real and synthetic images generated by the Generator. 

The Discriminator uses several Conv2d layers equipped with 

LeakyReLU to produce an output probability that indicates 

whether the image is real or fake, and the architecture used is 

summarized in Table 2. 

Table 1. Generator architecture 

Layer Operation 
Parameters (out_channels, kernel_size, 

Stride, Padding) 
Output Size (C × H 

× W) 
Activation / 

Normalisation 

ConvTranspose2d Deconvolution (1024, 4, 1, 0) 1024 × 4 × 4 BatchNorm2d + ReLU 

ConvTranspose2d Deconvolution (512, 4, 2, 1) 512 × 8 × 8 BatchNorm2d + ReLU 

ConvTranspose2d Deconvolution (256, 4, 2, 1) 256 × 16 × 16 BatchNorm2d + ReLU 
ConvTranspose2d Deconvolution (128, 4, 2, 1) 128 × 32 × 32 BatchNorm2d + ReLU 

ConvTranspose2d Deconvolution (64, 4, 2, 1) 64 × 64 × 64 BatchNorm2d + ReLU 

ConvTranspose2d Deconvolution (3, 4, 2, 1) 3 × 128 × 128 Tanh 

Table 2. Discriminator architecture 

Layers Operation 
Parameters (out_channels, kernel_size, 

Stride, Padding) 

Output Size (C × H × 

W) 
Activation / Normalisation 

Conv2d Convolution (64, 4, 2, 1) 64 × 64 × 64 LeakyReLU(0.2) 

Conv2d Convolution (128, 4, 2, 1) 128 × 32 × 32 BatchNorm2d + LeakyReLU(0.2) 

Conv2d Convolution (256, 4, 2, 1) 256 × 16 × 16 BatchNorm2d + LeakyReLU(0.2) 

Conv2d Convolution (512, 4, 2, 1) 512 × 8 × 8 BatchNorm2d + LeakyReLU(0.2) 

Conv2d Convolution (1024, 4, 2, 1) 1024 × 4 × 4 BatchNorm2d + LeakyReLU(0.2) 
Conv2d Convolution (1, 4, 1, 0) 1 × 1 × 1 Sigmoid 

Table 3. Hyperparameters for Deep Convolutional 

Generative Adversarial Network (DCGAN) 

Parameter Value Description 

nz 100 
Latent vector size for 

Generator 

ngf 64 
Feature map size for 

Generator 

ndf 64 
Feature map size for 

Discriminator 

num_epochs 300 Number of training epochs 

Lr 0.0002 Learning rate for optimizer 

beta1 0.5 
First momentum parameter 

for Adam optimizer 

Device CUDA/CPU Device used (GPU/CPU) 

Some important parameters used in this model are nz = 100, 

which determines the size of the latent vector for the 

Generator. ngf = 64 and ndf = 64 are the feature map sizes for 

the Generator and Discriminator, which allow the model to 

capture various features from the coffee leaf images. Training 

is performed over 300 epochs, with a learning rate (lr) = 

0.0002 and beta1 = 0.5 for momentum parameters in the Adam 

optimizer. The optimizer is used to update the model weights 

during training, and the device is used to determine whether a 

GPU or CPU is used for training. The hyperparameters used 

are summarized in Table 3. 

Table 4. Optimizer 

Parameter Value Description 

Optimizer Adam 
Optimizer used for model 

training 

Lr (Learning 
Rate) 

0.0002 Learning rate used by Adam 

Beta1 0.5 
First momentum parameter for 

Adam 

Betas 
(0.5, 

0.999) 

Second momentum parameter for 

Adam 

The optimizer used is Adam, which is very popular in deep 

learning model training, including GANs. Adam combines the 

advantages of AdaGrad and RMSProp, making it highly 
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effective at handling very large parameters and highly variable 

data. The learning rate used is 0.0002, with beta1 = 0.5 for the 

first momentum parameter and betas = (0.5, 0.999) for the 

second parameter. This optimizer is responsible for updating 

the Generator and Discriminator weights efficiently, enabling 

them to learn better during training. The optimizer used is 

summarized in Table 4. 

Unlike cGAN (which conditions on class labels), our 

DCGAN setup is unconditional; therefore, to achieve per-class 

balancing, we trained a separate DCGAN for each class (five 

models in total) and curated the generated images prior to 

merging into the 9,000-per-class dataset. 

2.2 Proposed Convolutional Neural Networks architecture 

The proposed CNN architecture for detecting diseases in 

coffee leaves uses a hybrid CNN-KNN model. This CNN 

architecture consists of several layers, including convolutional 

layers, max-pooling, dropout, fully connected, and softmax 

classifier layers. This model uses Inception ResNetV2 as part 

of feature extraction, which has proven effective in capturing 

more complex visual features in images. In each convolutional 

layer, filters of sizes 5 × 5 and 3 × 3 are used to identify basic 

features such as edges, corners, and textures in the coffee leaf 

images. 

Each convolutional layer in the CNN generates feature 

maps that summarize important information for classification 

[42]. These features are then enhanced using Inception 

ResNetV2, which has the ability to combine feature extraction 

results from multiple pathways within a single architecture, 

enriching the feature representation. The main advantage of 

Inception ResNetV2 is its ability to handle image variability 

and ensure the model can recognize various types of patterns 

within limited data. 

In the first convolutional layer, a  5 × 5 kernel with 32 filters 

is applied to the input image, generating feature maps. These 

filters will learn local features such as edges, corners, and 

textures. The formula for the output feature map generated by 

the convolutional layer is [43]: 

𝑀𝐿(𝑥) = 𝐵𝐿(𝑥) + ∑  

𝑁𝐿 −1

𝑦=1

𝐹𝐿 (𝑥, 𝑦) ∗ 𝑀𝐿 −1(𝑦) (1) 

where, 𝑀𝐿
(𝑥) is the output feature map, L is the layer, 𝐹𝐿

(𝑥, 𝑦)

is the filter, 𝑁𝐿−1 is the number of filters, 𝐵𝐿
(𝑥)  is the bias, 

and 𝑀𝐿 −1(𝑦)  is the input map. These feature maps store

detailed information about the image features. In the first 

convolutional layer, the input image of size 64 × 64 is 

processed with 32 filters. After each convolutional layer, batch 

normalization and ReLU activation layers are applied. 

Max-pooling layers with a 2 × 2 kernel are applied after 

each convolutional block to reduce the spatial dimensions of 

the feature maps generated by the convolutional layers. This 

also reduces the number of parameters and computational cost, 

while summarizing features from portions of the generated 

feature maps. 

The second convolutional layer applies 64 filters of size 3  × 

3 to the output of the first max-pooling layer. Two deeper 

convolutional layers also use 3 × 3 kernels, with 80 filters in 

the third layer and 192 in the fourth. Details of kernel sizes and 

filter numbers are listed in Table 5. 

The fully connected layers consist of two hidden layers, 

each with 520 neurons, and two neurons in the final layer to 

classify whether the coffee leaf is infected or not. A dropout 

layer with a rate of 0.5 is applied between the two fully 

connected layers for regularization of the model. Finally, the 

softmax layer is used to predict the class, providing 

probability-based predictions for each class, as summarized in 

Table 6. 

Table 5. Filter specification for convolutional layers 

Convolutional Layer Number of Filters 
Filter 

Size 

conv2d_1 32 5 × 5 
conv2d_2 64 3 × 3 

conv2d_3 80 3 × 3 

conv2d_4 192 3 × 3 

Table 6. Total number of parameters 

Layer Output Shape Parameter 

Input Layer (None, None, 3) 0 

Conv2D (conv2d) (None, None, 32) 864 

BatchNorm (None, None, 32) 96 

Activation (ReLU) (None, None, 32) 0 
Conv2D (conv2d_1) (None, None, 32) 9,216 

BatchNorm (None, None, 32) 96 

Conv2D (conv2d_2) (None, None, 64) 18,432 

MaxPooling2D (None, None, 64) 0 

Conv2D (conv2d_3) (None, None, 80) 5,12 
Fully Connected (fc_1) (None, 520) 1,398,280 

Output Layer (fc_2) (None, 2) 1,042 

Total Parameters 21,802,784 

Trainable params 21,768,352 

Non-trainable param 34,432 

After training, features for coffee leaf disease recognition 

are taken from the CNN. Early layers represent simple 

patterns, while deeper layers capture more complex structures. 

The activation vector from the last convolutional layer is used 

as the feature descriptor and is given to the KNN classifier to 

predict the class. 

2.3 Parameters for Convolutional Neural Networks model 

Convolutional and fully connected layers contain trainable 

weights and biases. These values form the parameters of the 

CNN model and are updated during training [44]. For a 

convolutional layer, the total number of parameters 𝑃𝑐𝑜𝑛𝑣  is 
computed as: 

𝑃conv = 𝐹ℎ × 𝐹𝑊 × 𝐶in × 𝐹num (2) 

where, 𝐹ℎ  and 𝐹𝑤  are the height and width of the filter, 𝐹𝑛𝑢𝑚  is

the number of filters, and 𝐶𝑖𝑛 is the number of input channels

for the layer. 

The parameters for the fully connected layer 𝑃𝐹𝐶  can be 

calculated as: 

𝑃𝐹𝐶 = 𝐴prev × 𝑁unit × 𝑁unit (3) 

where, 𝐴𝑝𝑟𝑒𝑣  is the dimension of the activation from the

previous layer, and 𝑁𝑢𝑛𝑖𝑡  is the number of units or neurons in

the current fully connected layer. Max-pooling layers do not 

have trainable parameters. The parameters for the batch-

normalization layer are calculated by multiplying the number 

of channels used in the previous convolutional layer by four. 

In total, this model has 21,802,784 parameters, with 
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21,768,352 trainable parameters and 34,432 non-trainable 

parameters (mainly for batch normalization). 

2.4 K-Nearest Neighbors classifier 

In the KNN classifier, the Euclidean distance method is 

used to calculate the distance between two points in the feature 

space [45, 46]. The Euclidean distance formula can be written 

as follows: 

𝑅 = √∑  

𝑁

𝑖=1

(𝑥 𝑖 − 𝑦𝑖
)2 (4) 

where, R is the Euclidean distance between two points, and 
(𝑥 𝑖 − 𝑦𝑖

) represents the difference in features between the two

points. Here, i = 1, 2, 3, ..., N, where N is the number of 

features in the dataset. The choice of K, which is the number 

of nearest neighbors, is critical for determining classification 

accuracy. In this study, K is set to 3. 

The KNN classifier calculates the distance between training 

features and testing features. The class label is then assigned 

based on the majority vote from the nearest neighbors [47]. 

The majority vote rule can be expressed mathematically as 

follows: 

𝑀. 𝑅 =  majority rule , 𝐿 =  class label , 𝑏𝑖

=  class label of the 𝑖
− the nearest neighbor

(5) 

Here, the function I returns a binary value (True or False) 

indicating whether a specific condition is met. The main 

advantage of KNN over more complex classifiers like CNN is 

its simplicity and effectiveness, as it does not require training 

time.  

In this study, high-level features extracted from the fourth 

convolutional layer of the CNN are used as input to the KNN 

classifier. This classifier uses only the most relevant features 

to classify the coffee leaf images. The features from each test 

image are compared with the features from training images, 

and classification is performed based on the nearest neighbors. 

2.5 The 5-fold cross-validation method 

After performing classification with KNN, the model is 

validated using 5-fold cross-validation. In this method, the 

dataset is divided into five separate parts. Each part is 

alternately used as testing data, while the other four parts are 

used as training data [43, 48]. This process is repeated five 

times, so each data point is used as test data once and as 

training data four times. The results of the five tests are then 

averaged to provide more accurate results and reduce variance 

in the model. With 5-fold cross-validation, the model is 

thoroughly tested on each part of the dataset, providing a better 

overall picture of the model's performance. This method helps 

reduce overfitting and provides a more stable estimate of the 

model's ability to classify new data. 

3. RESULT AND DISCUSSION

3.1 The impact of data augmentation using Deep 

Convolutional Generative Adversarial Network on model 

performance 

Data augmentation using a DCGAN improved the limited 

dataset by synthesizing realistic, non-identical images. The 

procedure expanded each coffee-leaf disease class to 9,000 

samples, increasing intra -class variability and restoring class 

balance, which in turn reduced overfitting and strengthened 

feature separability. Consequently, DCGAN-based 

augmentation contributed substantially to the observed 

performance gains by exposing the CNN to a richer and more 

diverse training distribution. Representative synthetic 

examples are shown in Figure 4. 

Figure 4. Images generated by Deep Convolutional 

Generative Adversarial Network 

3.2 Evaluation of the proposed Convolutional Neural 

Networks architecture  

The proposed CNN architecture consists of 23 layers, 

including convolutional layers, max-pooling, dropout, fully 

connected, and softmax classifier layers. Each convolutional 

layer uses filters of sizes 5 × 5 and 3 × 3, with varying numbers 

of filters: 32, 64, 80, and 192, designed to extract important 

visual features from the coffee leaf images. This model is 

trained with input images of size 128 × 128 and has a total of 

21,802,784 parameters, with 21,768,352 of them being 

trainable parameters. 

Figure 5. Feature extraction results using Inception-

ResNetV2 
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The evaluation results show that this model successfully 

captures relevant visual characteristics from coffee leaf 

images, as shown in Figure 5. With its deep architectural 

structure, this model is capable of effective feature extraction, 

contributing to improved performance in classifying various 

types of coffee leaf diseases. 

3.3 Model performance with K-Nearest Neighbors 

After performing feature extraction using CNN, KNN is 

used to improve classification accuracy. KNN is implemented 

to reduce the bias in results that might occur due to the use of 

the softmax activation function in CNN, which tends to bias 

the results towards the training data. Evaluation of the KNN 

model shows that its performance is very good, with very high 

precision, recall, and F1-score for each class. For the 

Cercospora, Healthy, Leafrust, Miner, and Phoma classes, 

precision and recall each reached 100% for most classes, with 

F1-scores approaching 1.00. This shows that using KNN after 

CNN successfully improved classification result stability and 

provided more accurate results in detecting coffee leaf 

diseases. This evaluation result is clearly shown in Figure 6, 

which presents the precision, recall, and F1-score values for 

each class, along with the average and weighted values of the 

obtained results. Additionally, the KNN evaluation also shows 

an overall accuracy of 0.9802 (or 98.02%), which indicates 

that this model performs very well in classifying coffee leaf 

diseases.

Figure 6. K-Nearest Neighbors (KNN) model evaluation results 

In addition, the evaluation was carried out using a confusion 

matrix. The results of the confusion matrix can be seen in 

Figure 7. 

Figure 7. Confusion matrix 

3.4 Performance evaluation under 5-fold cross-validation 

The 5-fold cross-validation is used to evaluate the proposed 

CNN model and shows that its performance is stable across the 

folds. The accuracy obtained for each fold is as follows: Fold 

1–98.03%, Fold 2–98.68%, Fold 3–96.71%, Fold 4–96.71%, 

and Fold 5–98.01%. The average accuracy from the 5-fold 

cross-validation is 97.63%, which shows that the model is 

reliable and produces very good accuracy across all folds. This 

process strengthens the validity of the proposed CNN model, 

which not only provides high accuracy but also ensures stable 

performance in detecting coffee leaf diseases across different 

test data. The results of the 5-fold cross-validation evaluation 

are presented in detail in Table 7, which shows the accuracy 

for each fold and the average accuracy obtained. 

Table 7. The 5-fold cross-validation results 

Fold Accuracy (%) 

Fold 1 98.03 

Fold 2 98.68 

Fold 3 96.71 

Fold 4 96.71 
Fold 5 98.01 

Average 97.63 

In addition, there is also a standard deviation = 0.005 and a 

confidence interval = (0.970, 0.980) with k-fold = 5. These 

results show that the resulting model is very accurate, stable, 

and has good generalization. 

3.5 Discussion 

The hybrid approach that combines CNN-based feature 

extraction with distance-based decision rules through KNN, 

accompanied by data rebalancing using a DCGAN, exhibits 

consistent performance across five coffee leaf disease classes. 

Methodologically, the DCGAN enriches sample diversity and 

normalizes inter-class distributions—bringing each class to 

approximately 9,000 images—thereby reducing minority-

class bias and sharpening separability in the learned 

representations. Performance stability is further evidenced by 
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5-fold cross-validation (mean accuracy 97.63%; standard 

deviation 0.005; confidence interval 0.970–0.980), indicating 

low variability across folds. 

Notwithstanding these strengths, several limitations warrant 

consideration. Reliance on synthetic images may introduce 

artifacts that are not fully representative of field conditions, 

and the evaluation remains centered on a single data source, 

leaving applicability across locations, cultivars, imaging 

devices, and illumination regimes insufficiently characterized. 

In addition, the architecture’s size (≈ 21.8 million parameters) 

imposes nontrivial computational demands for deployment on 

resource-constrained edge devices. From an implementation 

perspective, a  standardized image-acquisition protocol and 

targeted optimization of the inference pipeline are necessary 

to preserve observed performance under real-world use. 

4. CONCLUSION

This study confirms the effectiveness of a hybrid CNN–

KNN approach with DCGAN-based synthetic augmentation 

for detecting five coffee leaf disease classes; however, the 

findings should be interpreted alongside two principal 

limitations, namely reliance on synthetic images and an 

evaluation scope confined to a single data source. 

Accordingly, future work will prioritize external validation 

across diverse locations and devices and 

expansion/diversification of real-world data to strengthen 

generalization, together with computational optimization for 

edge deployment, exploration of stronger CNN 

architectures/pretraining, additional augmentation techniques, 

and alternative classifiers (e.g., SVM, Random Forest) to 

enhance stability and deployment readiness. 
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