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Abstract 

Coffee is a globally significant cash crop and a key driver of India’s agricultural economy. However, its yield and 

quality are substantially affected by a range of foliar diseases such as Hemileia vastatrix (rust), Leucoptera 

coffeella (leaf miner), and Phoma costarricensis, which often remain undetected until advanced infection stages. 

To address this challenge, this study introduces a segmentation-guided deep learning architecture that combines 

the U²-Net segmentation framework with an enhanced EfficientNetV2 classifier for precise detection and 

categorization of coffee leaf diseases. The proposed pipeline employs U²-Net to isolate diseased regions, suppress 

background interference, and enhance the discriminative features of infected leaf areas before classification. 

Subsequently, an Intensified EfficientNetV2 model, fine-tuned through transfer learning, is utilized to extract 

multi-scale spatial features with improved convergence stability and reduced computational overhead. The model 

achieves 100% classification accuracy during progressive training, outperforming the DenseNet-121 baseline 

(98.9%) while using fewer parameters, thereby demonstrating both computational efficiency and superior 

generalization. The system effectively distinguishes four disease classes and healthy samples, enabling real-time 

deployment via a web-based interface for field-level disease surveillance. The proposed framework offers a 

scalable and interpretable solution for precision agriculture, supporting sustainable disease management and yield 

optimization in coffee plantations. 
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1. Introduction 

According to a study conducted by the Food and Agriculture Organisation (FAO), the census found that India is 

the fifth-largest Coffee exporter and the world’s sixth-largest producer. The Coffee produced in India is widely 

regarded as the highest-quality Coffee in the world. Robusta and Arabica are the two categories of Coffee, and 
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India is responsible for producing both types. Due to its robust aroma, robusta accounts for 72% of the significant 

output of Coffee in India. It is frequently used in the manufacturing of a wide variety of flavors. Robusta Coffee 

is grown in India. Arabica Coffee, on the other hand, is in higher demand on the international market because of 

its relatively mild aroma, although it only accounts for a very small portion of total Coffee production. Coffee 

directly impacts India’s economy because it is a primary export commodity for the international market and helps 

maintain more than 2 million employments [1].  

The export trends of Coffee in international markets are depicted as shown in Figure 1. The Coffee industry 

encounters various challenges throughout its supply chain, spanning from cultivation to global distribution. The 

primary critical and intricate stage in the production cycle involves effectively managing various factors in the 

field, such as severe diseases, disease control, weather conditions, nutrient status, weed control, and more. Among 

all these factors, disease monitoring and controlling the spread of diseases directly impact the overall yield of 

Coffee. Traditional techniques of disease identification in Coffee plants have frequently relied on the subjective 

and time-consuming visual examinations performed by professionals. These inspections can be difficult to 

standardize and only sometimes produce reliable results. In recent years, applying deep learning techniques in 

agriculture has demonstrated enormous potential for revolutionizing plant disease diagnosis. This potential has 

been demonstrated in recent years. The Fig. 1 gives the statistics of the export trends of Coffee in international 

markets of India, a Ministry of Commerce and Industry data [2].  

Deep Learning (DL) is a subfield of Artificial Intelligence (AI) that entails teaching huge neural networks to 

recognize patterns and features in data. This training is done by feeding the data into the networks. It has shown 

tremendous success in various domains, including natural language processing, computer vision, and pattern 

recognition, among others. Researchers and others with expertise in agriculture have begun investigating how DL 

can detect and diagnose diseases affecting Coffee plants. This is made possible by the capability of deep learning. 

The recent advancements in adopting the pre-trained existing models to share the knowledge for their domain-

specific data were able to justify the enhanced training speed and effective usage of computational resources. The 

presented system effectively employs the EfficientNetV2-S with few changes in network parameters, with the 

proper combination of Mobile inverted Bottleneck Convolution (MB-Conv), and Fused-MBConv which perfectly 

suits our domain-specific data. In an intense review of existing works, one of the prime concerns in the training 

process is the number of trainable network variables that are involved in reaching effective outcomes with fewer 

resources and less time consumed in training the model [3].  

 

Figure 1: The export trends of Coffee in international markets of India, (Ministry of Commerce and Industry). 

This observation motivated us to select the base model EfficintNetV2-S as the core training model as it possesses 

small network parameters in comparison with another effective TL model such as DenseNet-121 which has around 

70M network parameters. So, this study led to choose DenseNet-121 as a competitive network to have a 

convincing correlation to the recommended system. The proposed system makes use of a constructive training 

phase for 3 sets of consistently increasing data size. This is an innovative and unique training process carried out 

for keen observations of the impact of a large and small dataset. We also considered the importance of the data 

balancing factor which is more crucial in reaching outstanding results. So, the recommended system extensively 

used data augmentation to maintain a uniform dataset for each category of disease and this factor also plays a 

crucial role in every training phase with the U2-Net segmentation technique [4].  
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The prime contributions of the recommended system are as follows:  

♣ An effective training procedure in three various phases with a consistently increasing dataset.  

♣ Ensuring the effective use of segmentation to find the ROI.  

♣ Proven the prime contribution of fewer model parameters in enhancing and reaching robust results even for 

small datasets in the progressive training process.  

♣ Analyzing the importance of balanced and imbalanced datasets with the set of iterative experiments.  

♣ A web application is developed to help farmers identify the disease in real-time and also suggest pesticide 

prescriptions. 

The development of plant disease identification systems, particularly for coffee, has progressed rapidly in recent 

years thanks to advances in deep learning and computer vision.  

Traditional methods relied on manual visual inspection by experts, which is often subjective and time-consuming.  

In contrast, modern approaches use advanced neural networks, such as EfficientNetV2 and segmentation models 

like U2-Net, to automatically identify and classify diseases directly from leaf images. These systems can process 

large amounts of data efficiently and achieve high accuracy, as demonstrated in our proposed work, which 

recognizes multiple types of coffee leaf diseases with over 99% accuracy. Furthermore, the integration of such 

models into user-friendly web applications makes disease detection accessible for farmers in RT, ultimately 

helping to improve crop yield and reduce losses. The ongoing research in this area aims to make the process more 

robust, scalable, and adaptable to various conditions and other plant species as well. 

In the presented journal paper (revised), the authors have developed an advanced plant disease identification 

system specifically designed for coffee plants. Their approach combines a modified EfficientNetV2-S deep 

learning model with the U2-Net segmentation technique to accurately detect and classify multiple types of coffee 

leaf diseases. By utilizing these state-of-the-art methods, the system effectively isolates the leaf area from complex 

backgrounds, significantly reducing noise and focusing the analysis on relevant disease symptoms. 

One of the key strengths of this identification system is its progressive training process using large, balanced 

datasets, which ensures high model reliability and minimizes bias. The results show outstanding accuracy, 

achieving up to nearly 100% accuracy in classifying different coffee leaf diseases while using fewer network 

parameters compared to other DL models like DenseNet-121. This makes the system not only highly accurate but 

also computationally efficient. Added to it, another key strength of the identification system is the integration of 

the model into a user-friendly web application which allows RT disease identification and actionable 

recommendations for farmers. By making cutting-edge AI tools accessible at the field level, the authors’ system 

empowers growers to detect diseases early and take timely action, helping to prevent crop losses and boost 

productivity. 

The remaining portion of the article is arranged in the following order. Section 2 describes the recent related work, 

Section 3 provides a discussion on background work, Section 4 explains the material, segmentation technique U2-

Net, and the comparison of Intensified EfficientNetV2-S, DenseNet-121; Empirical results and discussions are 

described in Section 5, and finally, Section 6 concludes our work with future scope followed by the exhaustive 

set of reference papers.  

2. Related works in the form of Literature Review/Survey 

A number of authors have worked on the similar areas. To show some of them, here it is as follows. Lv et.al. 

(2020) implemented a deep learning model based on Alexnet for maize leaf disease identification. The authors 

integrated the image-strengthening methods and employed a pre-trained model DMS-Robust Alexnet for 

improved disease identification results in comparison with existing approaches. Nazki et.al. (2020) proposed an 

adversarial network called an unsupervised AR-GAN that makes use of unsupervised training for image 

conversion and generation. The major contribution of their work focuses on images of various sizes and plants 

with various levels of severity considering the different parts of plants, such as stems, fruits, and leaves. Hu et.al. 

(2020) developed an IoT system with a deep learning model to detect crop diseases with sensor data [5].  

The authors proposed a complex multidimensional attribute-analyzing model called Multidimensional Feature 

Compensation Residual Neural Network (MDFC-ResNet) trained on the coarse-grained disease, species, and fine-
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grained disease 3-dimensional factors. Finally, the authors fused results by adapting the compensation algorithm. 

Rong et.al. (2019) employed two different agile CNN models to segment walnut images to recognize artificial 

and natural foreign items that vary in size, such as dried leaf debris, flesh leaf debris, packing material, metal 

parts, etc. The authors trained models to form automated clusters of walnuts and foreign items and found better 

results, with 99.5 % and 95 % for segmentation accuracy for object areas and foreign items, respectively. Ma et.al. 

(2018) implemented a Deep Belief Network (DBN) to recognize agriculture for the Lake Salvador dataset [6].  

The model is trained to analyze the Hyperspectral image’s (HSI) high-level attributes and correct errors without 

affecting existing distribution. To reduce the contamination, a local Euclidean distance is adopted to have a 

minimized distance between the current pixel and neighboring pixels and further updates weights dynamically 

using DBN. Su et.al. (2020) proposed a UAV-based wheat yellow rust monitoring system by employing deep 

learning and U-net segmentation models. Further, unmanned aerial vehicle sensing, vegetation segmentation, and 

multispectral imaging were incorporated. Finally, trained and tested models on various image categories, 

including five selected spectral vegetation indices and three RGB bands. The developed model has proven to 

perform better by extracting dynamic spectral-spatial data over traditional random forest algorithms and spectral-

based classifiers. Hu et.al. (2019) worked to detect and treat tea leaf diseases promptly and this study offers a low-

shot learning technique for disease diagnosis [7].  

Disease spots on tea leaf disease pictures are segmented using the support vector machine (SVM) technique, 

which extracts color and texture characteristics. Shi et.al. (2021) a Biologically Interpretable Two Stage Deep 

Neural Network (BIT-DNN) for Vegetation Recognition From Hyperspectral Imagery. The proposed model 

derives the possible instantiation parameters (e.g., transformation and rotation) of target entities from the inherent 

spectral-spatial information of the HSI data using feature mapping and transformation, which improves the results 

and interpretability of the proposed model. Sujatha et.al. (2021) in their article, compare the results of ML 

(Support Vector Machine (SVM), Random Forest (RF), Stochastic Gradient Descent (SGD)) and DL (Inception-

v3, VGG-16, VGG-19) in detecting citrus plant diseases. When the system is given new images to work with, it 

predicts the disease form [8].  

It aids in taking contour action before the plants become more infected and can assist in improving field yield by 

identifying diseased plants in the initial stages. Jeong et.al. (2022) developed an LSTM model for Rice yield 

prediction at the pixel size instead of the county scale can help crop production and scientific knowledge since it 

could be used to track how crop yields react to different agriculture methods and environmental conditions. Liang 

et.al. (2019) proposed a powerful image-based Plant Disease Prognosis and Severity Estimation Network 

(PD2SENet) with a residual structure and shuffle unit concepts. This study aims to provide a better and more 

practical crop disease diagnosis system. Sunil et.al. (2021) developed the EfficientNetV2 model to detect 

cardamom plant infections by utilizing U2-Net segmentation to remove noisy backgrounds for better ROI training 

the model with quality images for the real dataset collected from the field. The different approaches for the DL 

v/s TLM design is shown in the Table 1 [9].  

Table 1. Deep Learning vs Transfer Learning Model Design Approaches 

Deep Learning Transfer Learning 

Requires a huge amount of data to train a 

model. 
Comparatively less amount of data to train. 

Need to develop a model from the beginning. 
Pre-trained models are employed hence no need to develop 

a model from scratch. 

More memory and computational resources. 
Less memory and computational resources since using a 

pre-trained model. 

More training time for every new data set.  Less training time since involved in retraining the model.  

In the following section, we present the shortcomings & drawbacks w.r.t. the developments of the plant 

identification system till date & do we rectify them in our proposed work is depicted in the form of a tabular 
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approach as shown in the Table 2.  The combined dataset was curated carefully to avoid duplication and 

inconsistent labeling, with expert oversight to ensure correctness. 

● Reliance on Manual Methods and Subjectivity 

● Limited Use of Real-World, Diverse Datasets 

● Ineffective Handling of Noisy Backgrounds 

● Data Imbalance and Overfitting 

● High Computational Demand and Lack of Accessibility 

● Limited Integration with User-Centric Applications 

● Lack of Fine-Grained Disease Identification 

In our journal paper, we have carefully considered these shortcomings and proposed a comprehensive solution for 

coffee plant disease identification, rectifying previous weaknesses through a combination of advanced modeling, 

data strategy, and practical implementation.  

2.1 Use of Advanced Deep Learning and Segmentation Models 

We adopted a modified EfficientNetV2-S deep learning architecture combined with the U2-Net segmentation 

technique. Unlike traditional CNNs or manual feature-based approaches, EfficientNetV2-S is optimized for both 

speed and accuracy through compound model scaling. The U2-Net segmentation model excels at isolating the 

region of interest (the leaf) from the background, even in the presence of complex noise—an area where many 

previous models struggled. This ensures that classification focuses only on the relevant leaf area, improving the 

accuracy and robustness of disease detection. 

2.2 Building and Using a Diverse, Augmented Dataset 

We addressed the data diversity challenge by utilizing publicly available coffee plant datasets (e.g., JMuBEN 

Mendeley and Kaggle) and performing extensive data augmentation. Techniques such as rotation, flipping, 

shearing, zooming, and brightness variation were applied to artificially increase the number and variety of images. 

This approach simulates different real-world conditions, enabling the model to generalize well to unseen scenarios 

and reducing overfitting. We also ensured balanced datasets for all disease categories by generating an equal 

number of samples for each class through augmentation, directly tackling the bias and imbalance issues present 

in prior works. 

2.3 Progressive Training with Balanced Datasets 

Our methodology employed a progressive learning strategy, gradually increasing the dataset size in phases (from 

5,000 to 15,000 images) and monitoring model performance at each stage. This approach revealed that our model 

maintained and even improved its accuracy with larger datasets, a testament to its scalability and 

generalizability—key weaknesses in earlier systems. 

2.4 Enhanced Efficiency with Fewer Trainable Parameters 

While many prior models like DenseNet-121 required substantial computational resources (over 70 million 

trainable parameters), our modified EfficientNetV2-S achieved comparable or better accuracy (up to 100% in 

testing) with only 22 million parameters. This reduction in model size not only speeds up training and inference 

but also enables the system to run efficiently on more modest hardware, making it feasible for practical 

deployment in agricultural environments. 

2.5 Integration into a Real-Time Web Application 

To bridge the gap between research and practical utility, we developed a user-friendly web application. This 

platform allows farmers and agricultural experts to upload leaf images, receive instant disease classification, and 

obtain actionable recommendations (such as pesticide suggestions). This focus on accessibility and usability 

ensures that our solution is not just technically robust but also directly benefits the end-user, addressing a critical 

gap in previous literature. 

2.6 Superior Handling of Complex Backgrounds 
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By utilizing U2-Net’s advanced segmentation, our system robustly removes background noise and isolates the 

diseased leaf area. The segmentation approach leverages Residual U-blocks (RSU), which efficiently extract 

multi-scale and local features. This means even small lesions or subtle disease symptoms, which could be missed 

by less sophisticated models, are captured for analysis. Our simulation results show significant improvement in 

detection accuracy under challenging image conditions compared to models that do not use advanced 

segmentation. 

2.7 Fine-Grained Disease Identification and Multi-Class Classification 

Our approach was validated on 5 categories (four disease classes and healthy leaves), demonstrating the ability to 

distinguish between visually similar disease symptoms. The combination of robust segmentation and an optimized 

classifier allows for reliable, fine-grained identification that is both accurate and practical for field use. 

Parameters 

Weaknesses & shortcomings in previous 

works reg the development of the plant 

disease identification systems till date 

How it is addressed in our proposed work in 

the revised manuscript in the journal paper 

1. Introduction 

& Motivation 

- Reliance on manual, expert visual 

inspection for disease detection- 

Diagnosis subject to human error and 

bias- Not scalable for large plantations 

- Fully automated, AI-based disease 

identification using deep learning- Removes 

subjectivity, standardizes the detection 

process 

2. Data 

Collection & 

Dataset 

Diversity 

- Most prior datasets are small, collected 

in controlled settings- Limited image 

variety, lacking real-world variability- 

Weak generalization to diverse farm 

conditions 

- Combined multiple publicly available 

datasets (Kaggle, JMuBEN)- Applied 

extensive augmentation (rotation, brightness, 

flipping, zoom) to mimic real-world 

scenarios- Ensured collection across seasons 

and disease types 

3. Image 

Preprocessing 

& 

Segmentation 

- Conventional models struggle with 

complex, noisy backgrounds in natural 

images- Ineffective at isolating diseased 

leaf area- Background artifacts mislead 

classifiers 

- Used U2-Net segmentation to accurately 

extract the region of interest (leaf area)- 

Minimized background interference- 

Enhanced focus on symptomatic areas, 

improving classification accuracy 

4. Model 

Training & 

Architecture 

- Deep CNNs (e.g., DenseNet-121) 

require huge memory and long training 

times- Not practical for deployment in 

resource-limited settings- Slow inference, 

unsuitable for field use 

- Modified EfficientNetV2-S as the backbone 

(fewer trainable parameters, faster 

convergence)- Achieved high accuracy with 

efficient computation- Supports real-time, 

field-level operation on modest hardware 

5. Handling 

Data 

Imbalance 

- Datasets are often skewed towards 

common diseases, under-representing rare 

ones- Results in biased models, poor 

detection of minority classes- Overfitting 

risk with small sample classes 

- Generated balanced datasets via 

augmentation for every disease category- 

Applied progressive training with increasing 

data sizes- Monitored for overfitting and 

ensured fairness across all classes 

6. Disease 

Identification 

Accuracy 

- Existing models often fail to distinguish 

visually similar diseases (e.g., rust vs. 

phoma)- Lack fine-grained or multi-class 

classification capabilities- Miss subtle 

symptoms 

- Robust multi-class classification covering 

four coffee leaf diseases plus healthy- Fine-

grained identification validated in 

simulations- Outperformed larger models with 

fewer parameters 

7. Practical 

Usability & 

Deployment 

- Limited to research labs; rarely 

delivered as usable tools- No real-time 

support for farmers in the field- Lack of 

actionable recommendations after 

identification 

- Developed a user-friendly web application 

for instant disease detection- Provides real-

time results and pesticide suggestions- 

Directly usable by farmers, extension 

workers, and agri-technicians 

8. Validation 

& Results 

- Weak or unproven performance on 

large-scale or unseen datasets- Poor 

scalability as dataset size increases- 

Results rarely benchmarked across phases 

or models 

- Demonstrated up to 100% accuracy even 

with increased, balanced datasets- Showed 

consistent performance over three training 

phases (5,000 to 15,000 images)- 

Benchmarked against DenseNet-121, showing 

superiority 
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9. Broader 

Impact & 

Future Scope 

- Rigid, crop-specific solutions—hard to 

adapt to other crops or new disease types- 

Lack of plans for mobile/offline 

extension- Neglecting other plant parts 

(stems, beans) 

- System design is flexible for extension to 

other crops or plant parts- Platform can 

support mobile/offline deployment in the 

future- Committed to adding more disease 

classes and expanding use cases 

Table 2 : Shortcomings, weaknesses, drawbacks & its rectifications 

The technology that proposes how to improve existing systems ……… 

The technologies that proposes how to improve existing systems explaining the potential and correlation to 

increase coffee production are mentioned below in brackets ().  

⮚ Utilizes an optimized convolutional neural network for high-accuracy disease classification (EfficientNetV2-

S Deep Learning Model). 

⮚ Precisely separates diseased leaf areas from background, reducing noise and improving analysis focus (U2-

Net Image Segmentation). 

⮚ Employs large, well-augmented datasets to ensure reliability and minimize model bias (Progressive Training 

with Balanced Datasets). 

⮚ Provides instant and objective identification of diseases, reducing dependence on manual inspections 

(Automated Real-Time Detection). 

⮚ Delivers actionable results and recommendations to farmers for easy field-level use (User-Friendly Web 

Application). 

⮚ Suggests targeted interventions (e.g., pesticides, plant isolation) based on accurate detection (Actionable 

Disease Management Recommendations). 

⮚ Achieves high performance with fewer network parameters, making the system practical for real-world 

deployment (Resource-Efficient Model Design). 

⮚ Designed to handle different disease types and adaptable for other crops or plant parts in the future 

(Scalability and Adaptability). 

⮚ Enables remote access, centralized data processing, and potential for large-scale deployment (Integration of 

AI and Cloud Technologies). 

The incorporated technologies improve the accuracy, speed, and usability of plant disease identification—

enabling early intervention and directly contributing to increased coffee productions.  

3. Background work 

This section provides an overall detailed discussion of traditional disease identification, classification models, and 

segmentation techniques. Understanding the existing methodologies and system design approaches helps to have 

greater insight into the pros and cons of the relevant research domain. This also helped to identify the effective 

research objectives [10]. 

3.1. Transferring knowledge through pre-trained CNN models (TL) 

TL is a trendy and leading fascinating design approach in the DL applications domain and has proven promising 

results in many reviews (Paymode and Malode (2022); Abdallah et al. (2021); Zhao et al. (2021); Chen et al. 

(2020)). This approach gained attention for having inherent capabilities for saving training time and energy 

involved in developing a new system. Hence this design technique increases the generosity of a network and 

would adopt the learning capabilities to various application domains. So, this idea of utilizing the knowledge of 

the existing system in a new research domain made a researcher give more attention to critical issues in their 

research than to designing a model from scratch. Another benefit of using this approach is easy implementation 

and portability for the most possible existing dataset as it is trained on a large image (Deng et.al. (2009)) dataset. 

In developing a DL model, a huge amount of data is required to get effective results. On the other hand, TL models 

provide better results even for a small amount of data. This benefit of TL models leads to efficient memory usage 

and other computational resources. It is also flexible and simpler to adopt in their research field just by modifying 

it slightly. TL could be adopted in the following ways [11] as given below.  
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3.1.1. Feature Transfer 

Typically, a DL model is built using four different layers: an input layer, a feature extraction layer, a classification 

layer, and an output layer. TL approach using feature extraction would only train the classification layer for 

domain-specific data by keeping the input layer and feature extraction layer frozen for the original structure and 

neurons’ weights. The classification layer is held responsible for object identification in an input image. Hence 

the classification layer plays a vital role in finding an object from a determined set of features [12].  

3.1.2 Fine-tuning the model 

Here a new classification layer is incorporated for a new dataset. A few layers are trained for the new dataset by 

keeping the rest of the feature extraction layer frozen. Further, based on the classification loss, the model 

parameters like weights and learning rates are refined, and the training continues until the model reaches 

acceptable outcomes. This process is known as fine-tuning in the TL approach [13]. 

3.1.3 Adopting a pre-trained model 

The alternative to employing the TL design technique is directly using the existing model for the relevant dataset. 

This approach is more suitable for relatable domains. The researchers could fine-tune the network parameters and 

network layers according to data and then could be applied to their domain-specific data. The agricultural field 

involved many complexities, specifically in collecting real-time data (Espejo-Garcia et.al. (2021); Lu et.al. 

(2022); Olaniyi et.al. (2022)) due to lighting conditions, weather conditions, complex backgrounds, and the 

appearance of disease symptoms is also dependent on the season, and nutrition deficiency. So, developing a DL 

model requires large data to achieve better outcomes. Hence in recent trends, a TL approach is the most attractive 

and popular technique used in agriculture domain applications. The prime objective of adopting TL in the 

proposed system is the effective usage of computational resources and saving training time. The reusability of the 

pre-trained model reduces the overall effort required in developing a model from the initial phase, which also 

expects an enormous amount of labelled data. This problem was resolved by using a TL technique with fewer 

data. The advantages of TL over DL are depicted in Table 1. Further, the different image segmentation approaches 

could be seen in the Fig. 2 [14].  

 

Figure 2: Traditional image-segmentation approaches (Rizzoli and Edwardsson). 

3.2. Traditional segmentation techniques 

Image segmentation is a process of partitioning the image into various parts based on similar characteristics. The 

main objective of image segmentation is to find the region of interest for further analysis and processing of images. 

This greatly helps to reduce time in the training phase and efficiently uses computational resources, including 

memory. Image segmentation plays a prime role in various applications, including medical imaging, robotics, 

agriculture, face recognition, sentiment analysis, etc.  In traditional background removal methods, most techniques 

depend on common characteristics like color, visible similarity, etc. (Xiong et.al. (2020)). These conventional 

methods are helpful when an object or image is comparable with intersecting objects. So, these approaches are 

inappropriate for various heterogeneous image data sets, which vary in color, background information, and size 

[15].  
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Removing background from images that lack distinguishable parameters is a tedious task for effective 

segmentation results. An image with the closest color similarity index for the background is still a more 

challenging task to apply image processing techniques. The segmentation process can be broadly classified as 

approach-based and technique-based. The approach-based type works based on object detection and similarity 

properties. On the other hand, technique-based classification is based on the method of analyzing the image, such 

as pixel value, color intensity, light intensity, pixel density, etc. Having this as a base knowledge, the segmentation 

techniques are classified as shown in Fig. 2 (Rizzoli and Edwardsson) [16]. 

The traditional segmentation approaches are facing its limitations in processing huge amounts of real-time data, 

slow process, and biased towards the features like colors, the intensity of pixels, the intensity of light, and 

environmental complexities involved during data collection. Most prominent CNN models effectively addressed 

these issues, specifically the U-Net semantic segmentation approach (Ronneberger, et.al. (2015). The U-Net 

architecture is formed into two parts, namely, the encoder and the decoder. The encoder extracts the various low-

level features by a CNN with various kernel functionalities, and this process is called down-sampling. These 

features are later merged with a high-resolution pattern in the up-sampling phase to reconstruct the image. This 

segmentation technique overcomes most of the prime issues discussed earlier. A more reliable and fast 

segmentation approach like U-Net adds to the overall performance of the model; hence with the various significant 

reviews, in the proposed approach, we are utilizing the U2-Net segmentation technique, which is a refined version 

of U-Net [17]. 

4. Proposed methodology adopted 

The proposed study addresses the various Coffee plant disease identification categories with an efficient modified 

classification model, namely Intensified EfficientV2-S. This study also incorporated the benefits of the U2-Net 

background removal method. This immensely helped to remove the background and enhance the classification 

model accuracy [18]. CNN model could be scaled in three different aspects as shown in Figure 6 that in width, 

depth, and resolution. These dimensions are prime attributes in defining a CNN model. Here, the width indicates 

the total number of neurons in a layer, and resolution establishes the width and height of the input data. On the 

other hand, depth is the number of layers that comprises the network. A rising number of layers is only sometimes 

a good idea, as it tends to vanish a gradient problem. Some case studies proved the same results even after 

extending model depth. For example, VGG16 showed the same accuracy as that of VGG19.  Scaling the model 

in terms of width allows the network to learn minute lesions and more complex features of the image, which 

would be helpful in the severity identification of any disease [19].  

This was employed in MobileNet and ResNet Howard et.al. (2017); Zagoruyko and Komodakis et.al. (2017). 

Simultaneously increasing the depth and width impacts the degrading overall accuracy as an increase in width 

prevents the network from learning more complex features. Hence identification of the scaling ratio is essential 

in the CNN model. On the other hand, having a high resolution of the input image is needed to learn complex 

features. It would result in great results, but this is also limited to a model’s learning capabilities. Hence the 

proposed network addresses these problems with a new scaling approach called compound scaling in the 

EfficientNet TL model, which is discussed in a later section of the article [20]. 

4.1. Materials and Pre-processing 

This work makes use of the freely available JMuBEN Mendeley dataset (Jepkoech et.al. (2021)) and the Kaggle 

Coffee plant dataset. The dataset comprises 5 Varieties of Coffee plant leaf images of 4 disease classes and a 

healthy class. Data pre-processing is very important for every system to reach better accuracy to get acceptable 

results. Hence, this work employed a Gaussian filter (Deng and Cahill (1993)) which added a beneficial factor for 

the system to have enhanced quality images for the data augmentation and training processes [21]. 

The dataset was split into training (80%) and testing (20%) subsets using a fixed random seed (42) to ensure 

reproducibility. Augmentation was performed only on the training subset, with no augmented images included in 

the test data. To prevent accidental duplication, image uniqueness across splits was confirmed using SHA-256 

hashing. This ensured that the reported results were free from leakage or overlap. 
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All experiments were carried out using Kaggle and JMuBEN Mendeley datasets with a strict 80:20 train-test split 

created with a fixed random seed. To enhance transparency, the exact indices for the split and the splitting script 

will be released publicly (subject to confidentiality clearance). We acknowledge that the current setup is limited 

to internal datasets, and therefore additional validation on independent field-collected data and through k-fold 

cross-validation is planned as future work. 

The Gaussian filter works in a linear approach, blurs the image, and tries to remove image noise with the help of 

Gaussian noise. Then we employed extensive data augmentation by applying various operations Shearing, 

Rotation, Zooming, Flipping, varying the brightness of images, and Cropping. This would help us generate a huge 

amount of data for various training phases. Data imbalance is a crucial factor in the training model that would 

result in biasing a network to the class, which is dominating in the data size and might lead to an overfitting 

problem. So, during data augmentation, we have generated an equal number of images for all 5 classes as described 

in Table 3. Collecting data in real-time, specifically Coffee plants is very hard and involves more complexities, 

such as weather conditions and seasonal disease appearance. So, the data augmentation technique would reduce 

the effort needed for researchers [22]. 

Table 3. Dataset Description 

Training phase Cescospora Healthy Miner Phoma Rust Total Images 

Phase-I 1000 1000 1000 1000 1000 5000 

Phase-II 2000 2000 2000 2000 2000 10000 

Phase-III 3000 3000 3000 3000 3000 15000 

The curated dataset used in this study was carefully cleaned by harmonizing labels, validating annotations 

with high inter-annotator agreement, and removing duplicates across Kaggle and JMuBEN sources. These 

preprocessing steps minimized noise and reduced the risk of overestimated performance due to inconsistent 

labeling or image duplication. 

4.2. U2-Net Segmentation Model 

U2-Net model (Qin et.al. (2020)) is the most popular and widely used segmentation and object detection ML 

model, which enhanced the validation and testing accuracy of ML and DL models in agriculture and other 

domains. U2- Net defines an alpha value that can be used to remove complex background noisy information from 

the original image. This would help the training model to focus on ROI and train even on small lesions. Hence 

U2-Net model reduces the overall image processing time and over-fitting problems of the ML and DL models 

[23]. 

U2-Net is implemented by adopting the base U-Net model functionality with a two-layer embedded U-Net 

structure. This model has not employed any pre-trained networks. Hence researchers can train the model from 

scratch for their relevant data set to produce remarkable results. The general architecture of U2-Net (Qin et.al. 

(2020)) is shown in Fig. 3 and Algorithm 1 provide a preface of the segmentation approach in U2-Net. The 

Residual U-block (RSU) is a key component of the U²-Net architecture, designed to enhance feature learning 

through a sequence of operations. It begins with a convolution to extract initial features from the input tensor. 

This is followed by down-sampling, which reduces the tensor’s spatial dimensions to capture contextual 

information at different scales. The tensor is then up-sampled to restore its resolution, ensuring that detailed 

features are preserved before undergoing a final convolution [24]. 

The result of these operations is combined with the original input through a residual connection. This addition 

helps the network retain crucial information from the initial input while allowing it to learn and refine features 

through subsequent transformations. This residual approach enhances the robustness of the features learned by 

the network. Additionally, the RSU block utilizes down-sampling via max pooling to reduce resolution, making 

it easier to capture broader contextual information. The concatenation of feature maps from various stages 

combines multi-scale information, which is processed by convolutional layers to produce the final feature map 

[25].  



International Journal of Applied Mathematics  

Volume 38 No. 10s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

 

Received: August 03, 2025  1215 

Finally, up-sampling methods like nearest-neighbour or bilinear interpolation are used to increase the spatial 

resolution of the tensor, ensuring detailed and accurate output reconstruction. The researchers (Qin et.al. (2020)) 

implemented this model by utilizing a new approach called Residual U-blocks, a U-shaped convolution pattern 

that replaces a regular residual block in U-Net. U2-Net is designed with 6-phases of encoders 5-stages of the 

decoder, and a graph fusion model hooked to a decoder stage and following an encoder stage. The U2-Net 

architecture is depicted in Fig. 3. So, the U2-Net creates a deep network with RSU fundamental blocks as a base, 

which helps in less computational resources and effective usage of memory and does not depend on any pre-

trained network. This semantic segmentation is flexible and reliable for various applications like medical, 

agriculture, IoT, industry, and many more [26].  

The noticeable benefits of U2-Net are listed as follows: 

● Residual U-blocks (RSU) of varying sizes receptive fields would help to consider the most contingent and 

dependent data with different perspectives of the data set. The Residual U-blocks (RSU) structure is displayed 

in Figure.4 (Qin et.al. (2020)).  

● The model allows the user to train deep networks from scratch, unlike using any pre-trained models for image 

classification.  

● With less computational value, it increases the depth of the model by effectively using the pooling functioning 

utilized in RSU units. 

● Provides model in two different variants with sizes 176.3 MB(30 FPS on GTX 1080Ti GPU) U2-Net and 4.7 

MB(40 FPS) U2-Net†, respectively. 

 

Figure 3: The U2-Net architecture (Qin et.al. (2020)). 

In our implementation, U2-Net was employed purely for binary segmentation of coffee leaf regions from the 

background. Training was performed using threshold-based masks refined with manual inspection, which labeled 

pixels as ‘leaf’ or ‘non-leaf’ only. Importantly, no disease-specific masks were used; the segmentation model was 

trained independently of disease class labels to avoid any possibility of label leakage. Once segmentation was 

complete, the extracted leaf ROIs were passed to the classifier for disease identification. 

The U2-Net segmentation was trained solely for binary foreground-background separation (leaf vs. non-leaf). 

Ground-truth masks were generated using automated thresholding followed by manual refinement for ~1,000 

images. Importantly, segmentation was not trained on disease-specific masks, ensuring that no class label 

information was leaked to the classifier. The segmentation outputs thus contained only leaf contours, which 

were subsequently fed into the Intensified EfficientNetV2-S model for classification. 

4.3 Algorithm 1 : U2Net – end-to-end image segmentation 

Input : Image tensor x with shape (𝐻, 𝑊, 𝐶) 

Output : Segmentation mask y with the same dimensions as x. 

Initialize 𝑠0 = 𝑥, number of stages n 

Down-sampling Path :  

for i  = 0 to n – 1, do 

𝑠𝑖+1 𝑅𝑆𝑈(𝐷𝑜𝑤𝑛𝑆𝑎𝑚𝑝𝑙𝑒(𝑠𝑖)) 



International Journal of Applied Mathematics  

Volume 38 No. 10s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

 

Received: August 03, 2025  1216 

end for 

Bottleneck : 

𝑠𝑛 ← 𝑅𝑆𝑈(𝑠𝑛−1) 

Upsampling Path : 

for i = n – 1 down to 0 do 

𝑠𝑖
𝑢𝑝

← 𝑅𝑆𝑈(𝐷𝑜𝑤𝑛𝑆𝑎𝑚𝑝𝑙𝑒(𝑠𝑖+1), 𝑠𝑖) 

end for 

Final convolution : 

𝑦 ← 𝜎 (𝑓𝑐𝑜𝑛𝑣(1 ×1
(𝑠0

𝑢𝑝
)) 

Return y = 0 

4.3 RSU Block & the mathematical modelling 

RSU block is the main highlight of the U2-Net segmentation approach. The RSU block is made of three 

different parts: namely, an input convolution layer and then a U-shaped balanced symmetric encoder and decoder 

structure of height L. Then it follows the residual block to combine multiscale and local features with an 

aggregation operation. The algorithm for the U2-Net for the end-to-end segmentation process is presented above 

[27].  This operation can be defined as shown in equation (1). 

For efficiency analysis, we measured parameter count, FLOPs, and inference latency on an NVIDIA 

RTX 2080 GPU with Intel i7 CPU and 32 GB RAM. These metrics allow a fair comparison of computational 

requirements alongside classification accuracy 

𝑓1(𝑎) = 𝑓2(𝑓1(𝑎)) + 𝑓1(𝑎)  (1) 

 

Figure 4: (a). The Residual block (b). The Residual U-block. (Qin et.al. (2020)). 

Here, the function 𝑓1(𝑎) represents the multiscale feature and 𝑓2(𝑓1(𝑎)) indicates the local feature as shown in 

Fig. 4 (Qin et.al. (2020)). The major difference between the original residual block and the residual U-block is 

the U-shaped convolutional pattern aggregating multi-scale features and a local feature. In the residual block, the 

same operation was given as the aggregation of the local feature and original feature. The residual U-blocks are 

more effective regarding computational expenses than regular residual blocks. This is because much of the 

computations in RSUs are carried on down-sampled features. The segmentation results are shown in Fig. 5 using 

the U2-Net. The real-time images of Coffee plant diseases with complex noisy backgrounds are fed as input for 

the U2-Net segmentation model to perform the segmentation. The model succeeded in removing the noisy 

background and accurately finding the region of interest in the given input image [28].  

This process further helped to fasten the training phase by concentrating only on the complete leaf part rather than 

the unwanted noise and background. The 1st phase of the segmentation process produces a binary mask of the 

input image. This helps to fetch multiple features and embed the features into high-resolution maps. Then apply 

a binary bitwise function on the original image to the generated mask to get the final segmented result of the input 
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image. The mathematical computation and the operations involved in the segmentation process are represented in 

Equations 1-8 [29]. 

In Equation 2, the following terminologies and the role of each are given as follows:  

The RSU, which is the Residual Skip Unit applies a series of operations—convolution, down-sampling, up-

sampling, and another convolution—on the input tensor 𝐗, and then adds the result back to the original input, 

creating a residual connection. 

𝑅𝑆𝑈 (𝑋) = 𝑋 +  𝑓𝑐𝑜𝑛𝑣 (𝑓𝑢𝑝(𝑓𝑑𝑜𝑤𝑛(𝑓𝑐𝑜𝑛𝑣(𝑋))))  (2) 

where 𝐗 is the input tensor to the RSU, 𝑓𝑐𝑜𝑛𝑣 is the convolution operation applied to the tensor, 𝑓𝑑𝑜𝑤𝑛  is the down-

sampling operation applied to the tensor, typically using max pooling, 𝑓𝑢𝑝 is the up-sampling operation applied to 

the tensor, typically using interpolation methods [30]. 

 

Figure 5 : The Segmentation results of real-time images using U2-Net. 

𝑓𝑐𝑜𝑛𝑣(𝑋) =  𝑊𝑐𝑜𝑛𝑣 ∗ 𝑋 + 𝑏   (3)  

where 𝑓𝑐𝑜𝑛𝑣(𝑋) is the convolution operation applied to the input tensor X, 𝑊𝑐𝑜𝑛𝑣 is the convolution kernel or filter 

weights, ∗ is the convolution operation, b is the bias term added to the result of the convolution. 

𝑓𝑑𝑜𝑤𝑛(𝑋) = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑋, 𝑘, 𝑠)   (4) 

𝑓𝑈𝑝(𝑋) = 𝑈𝑝𝑆𝑎𝑚𝑝𝑙𝑒(𝑋, 𝑢)  (5) 

𝐷𝑜𝑤𝑛𝑆𝑎𝑚𝑝𝑙𝑒(𝑋) =  𝑋′ = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝑋, 𝑘, 𝑠)   (6) 

𝐶𝑜𝑛𝑐𝑎𝑡(𝑋1, 𝑋2) = 𝑍 =  [𝑋1, 𝑋2]  (7) 

𝐶𝑜𝑛𝑣(𝑋) = 𝑌 = 𝑊 ∗ 𝑋 + 𝑏 (8) 

𝑈𝑝𝑆𝑎𝑚𝑝𝑙𝑒(𝑋, 𝑢) = 𝑋′ = 𝐼𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒(𝑋, 𝑆𝑐𝑎𝑙𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 = 𝑢)   

(9) 

 

Figure 6: The Model Scaling Network architecture (a) Baseline (b) Width scalin ( c) Depth scaling (d) 

Resolution scaling (e) Compound scaling in EfficientNet (Mingxing Tan (2019)). 

4.5. Intensified EfficientV2-S Model 
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First, we do the Interpretation of EfficientNet as follows. The EfficientNet was proposed by (Mingxing Tan 

(2019)), and they have addressed the various hyper-parameters like width, resolution, and network depth in scaling 

up of the model and proved that their model outperformed relatively in comparison with Convolutional Neural 

Networks ConvNets). ConvNets employed limited resources, and scaling up resources is majorly dependent on 

the availability of the resources and involves complexity. ConvNets are scaled up usually with a single dimension 

and need more manual attention to set the network parameters, which is time-consuming [31].  

Hence, the authors develop a new scaling approach that faultlessly and uniformly scales in multidimensional 

parameters with the help of compound coefficient. The model scaling is shown in Figure 6. Hence, the 

EfficientNet model clarifies and provides a systematic method to scale up the models in multiple directions with 

more than two parameters. The results of EfficientNet proved that consistently balancing all dimensions, namely 

depth, width, and resolution, would accomplish better model results. In the base EfficientNet model, they have 

employed MBConv as basic computational units (Sandler et.al. (2019)), which originated from MobileNetV2 

[32]. 

Next, we doe the EfficientNetV2 processing as follows. This model was developed by (Tan and Le (2021)) to 

explain the impact of image size and the importance of model parameters in effective and speedy training of the 

model to give more with fewer resources for model performance. The motivation to implement this is the base 

EfficientNet model, which showed a better model scaling technique in various dimensions. But, EfficientNet has 

a few limitations in the following aspects given in (i) - (iii) respectively [33].  

i. EfficientNet rapidly increases the image size during the training phase. This might result in faster training at 

the initial stage of the training period; in later stages, training would become very slow due to increased image 

size because of smaller batch size and snag memory usage. This has a direct impact on the performance of 

the model. The system GPU/TPU usage is limited and fixed, so training with smaller image sizes with large 

batch sizes results in better performance [34].  

ii. Uniformly scaling using compound scaling at every stage for all the parameters is unsuitable for many cases. 

These scaled stages do not have a role in the parameter effectivity and faster training process. Adopting a 

non-uniform scaling is necessary, which is addressed in EfficientNetV2 [35].  

iii. EfficientNet makes use of substantial depth-wise convolutions as depth-wise convolutions have lesser FLOPS 

(Floating Point Operations Per Second) and training parameters than the normal convolution functions. 

Nevertheless, these depth-wise convolutions could have used modern accelerators more effectively [36].  

Fused-MBConv showed good results at earlier stages with fewer model parameters and few FLOP operations. 

If we replace all the MBConv blocks with Fused-MBConv blocks gradually, the increase in the model parameter 

and FLOPS the training process takes more time and harms performance. A perfect fusion of Fused-MBConv and 

MBConv is a challenging task. This drives the researcher to develop an automotive model for a proper 

combination with neural architecture search. The Fused-MBConv block and MBConv block are as shown in 

Figure 7. The limitations of EfficientNet motivate authors [Tan and Le (2021)] to develop an automotive 

architecture that constructively defines the best fusion methods for the Fused-MBConv block and MBConv 

blocks. The following modifications stand out in the EfficientNetV2 model in comparison with the base 

EfficientNet model [37]. 

a. Progressive Learning : Image size is an important aspect in achieving better outcomes for the model. 

Unbalanced regularization and making use of constant regularization would lead to over-fitting issues. If the image 

size varies, then accordingly, varying the regularization also has a major impact. The EfficientNetV2 employs an 

adjustable regularization technique for different picture sizes, namely Dropout, RandAugment, and Mixup [38]. 

b. Neural Architecture Search (NAS) : Manually identifying a refined and well-suitable hybrid network model 

is a tedious and challenging task in real time for a large number of existing optimal architectures. NAS is a 

prominent method to adopt in finding efficient network design models among predefined architectures 

automatically, and this would greatly help in falling-off manual efforts required in developing hybrid network 

architectures (Li et.al. (2021)). Various works empowered the benefits of NAS in their design approach (Tan and 

Le (2021), Howard et.al. (2019)) and succeeded in model efficacy [39]. 
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c. Enhanced Training Speed : In every model, the input image size is one of the dominant features which impacts 

training speed. Generally, large image size leads to inefficient memory usage and requires high computation 

resources like GPU/TPU. Since the GPU/TPU memory size is limited, we need to train the model with small batch 

sizes; this, intern decreases the training speed and might take a huge amount of time to reach model generalization. 

This could be improved by using FixRes (Touvron et.al. (2022)), which is a picture-scaling approach effective in 

increasing the efficacy of the DL models. FixRes uses small picture sizes with large batch sizes and fewer 

computational resources and thus drastically enhances the training speed and generalization capability of the 

model [40]. 

 

Figure 7: The Fused-MBConv block and MBConv block (Tan and Le (2021)). 

Table 4. Model Parameters 

Parameter Value 

Epochs for 3 different phases 50, 100, 200 

Optimiser Adam 

Step size, gamma 5, 0.1 

Training dataset, Testing dataset 80%,20% 

Learning-rate 0.0001, 0.001, 0.0001 

Dataset distribution 50% 

GPU Enabled 

Batch-size 16,16,32 

Activation function Relu, Softmax 

For reproducibility, all experiments were conducted with a fixed random seed (42). The complete training 

pipeline, including preprocessing scripts, augmentation steps, model initialization, and evaluation protocols, will 

be made available in a public GitHub repository. In addition, trained model weights and inference notebooks will 

be shared to allow independent verification of the reported results. For reproducibility, the complete training and 

evaluation scripts, along with preprocessing pipelines, will be made publicly available. Model checkpoints and 

random seeds will be provided to ensure exact replication of the reported results.  The pesticide mappings 

recommended by the system were reviewed and validated by a certified agronomist to ensure that the 

suggestions align with accepted agricultural practices and safety guidelines 

d. Compound Scaling: Scaling a model to a specific dimension would result in better accuracy, but it is unsuitable 

for complex and huge networks involving more computation. Hence compound scaling provides an approach to 

scale in more than one dimension in the EfficientNet TL model. This scaling method enhances the network 

accuracy and the model’s regularization for varied image sizes. This is the prime characteristic of the proposed 

model, which helps to attain better results. Finding a perfect blend dynamically for all three dimensions is 

challenging in model implementation due to the huge search space. To limit the search space same convolution 
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functions should be adopted in scaled networks as in base networks. Another factor to be considered is uniform 

scaling with a consistent ratio of all three parameters in EfficientNet. The compound scaling is depicted clearly in 

Figure 6. 

e. The training process in Intensified EfficientV2-S Model: In this study, an initialized process with data 

preprocessing improved the image quality with the help of a well-known wiener filter with kernel size (3 × 3), 

stride 2, and a total of 24 channels. Further proceeded in selecting MBConv, Fused-MBConv blocks with a 

different kernel size, number of channels, and strides. The proposed system is modified with an additional Fused-

MBConv block with kernel size (3 × 3), channels 48, and a total of 5 layers, including this layer. This added layer 

improved model performance in the training process of the network with various network hyper-parameters, 

which are defined as shown in Table 3. The network was trained with various combinations of network parameters. 

We were able to find the best results for the network configurations after several iterations, as shown in Table 4.  

This study employed a progressive learning technique for three sets of data samples starting from 5000 images, 

then with 10000 images, followed by 15000 images of various Coffee plant diseases as described in the materials 

and pre-processing section. The recommended system architecture is depicted as shown in Figure 8 The training 

process of Intensified EfficientNetV2-S and DensNet-121 was initiated for 5000 images with the same network 

parameters as mentioned earlier. During this phase, the proposed system shows outstanding and effective efficacy 

compared to DenseNet-121. In this training phase, this study achieved 98.1% and 92.9% accuracy for Intensified 

EfficientNetV2-S and DensNet-121, respectively, about 50 epochs. This achievement of effective results of the 

presented model is due to the progressive learning, NAS, and enhanced training speed of the EfficientNetV2 

model, which was discussed in the earlier part of this section. 

The training phase continued for the next set of datasets for a total of 10000 images which consists of 2000 images 

of each category as discussed in the materials and pre-processing section. During this phase, this study attained 

an efficacy of 99.1% and 96.45%, respectively, in Intensified EfficientNetV2-S and DensNet-121 for 100 epochs 

by keeping other network parameters constant. There is a noticeable and prominent improvement in the results 

for an increased dataset for both models. This remarkable change proved that an increase in dataset always leads 

to better results than the less dataset for any DL model. In this phase also, the proposed work shows significant 

enhancement in outcomes of 99.1% than with 96.45% of DensNet-121 with considerably fewer network training 

parameters of Intensified EfficientNetV2- S. A progressive learning approach with varied dataset sizes motivated 

us to train for further increased datasets.  

Hence, in the 3rd phase of training increased, the dataset to 15000 comprises 3000 images of all categories. In this 

phase trained model for 200 epochs by keeping other network parameters constant and attained an outstanding 

performance of 100% for Intensified EfficientNetV2-S and 98.9% for DensNet-121. The factor that would really 

enhance the speed of the proposed model is the total trainable model parameters of Intensified EfficientNetV2-S, 

which is less than with DensNet-121. Properly using the MBConv block and Fused-MBConv block in all stages 

of the training process improves the reguralizibility and generalization of the model. The added fused layer is also 

a considerable feature that helped find low-level feature extraction of the input image in the presented system. 

Another advantage is utilizing the U2-Net segmentation to remove the unwanted noise and background for our 

approach also reduced the computational resources as the model only reads the segmented ROI than the processing 

of the complete image with the background. These contributions improved the proposed classification model’s 

overall accuracy and testing accuracy. The training process is demonstrated in Algorithm 1. 

f. DenseNet-121 : CNNs are the most powerful DL techniques for image processing, object recognition, and 

computer vision applications. In plant disease detection, most work uses images as the input for a CNN model. 

Processing image data rather than text data requires more computational resources and involves more data analysis 

complexity. CNN model plays a vital role and has proven outstanding results in various image processing 

application domains. DenseNet-121 is one of the simple models that demonstrated the use of a simplified 

connectivity design approach that solves the vanishing gradient problem, which would be considered a prominent 

complication faced by the various DL models. This network aims to transfer the most possible data from the input 

layer to the output layer by giving short connections between each layer. DensNet-121 works as a feed-forward 

network with connectivity to every subsequent layer. The proposed system was compared with a TL model 
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DensNet-121 (Zhong and Zhao (2020)) that proved effective outcomes in various works like in Zhong and Zhao 

(2020); Wei et.al. (2022); Abbas et.al. (2021); Ahmad et.al. (2023)). 

In the classical feed-forward network, the output of each layer is fed to the next higher layer by performing a set 

of complex mathematical operations such as pooling, various activation functions, batch normalization, or 

convolution operation and to perform this operation the model expects to have the same feature maps. This 

functionality is extended in DenseNet-121 by concatenating output features rather than doing a simple addition. 

The fundamental building blocks of DensNet-121 are DenseBlocks. These blocks are designed by adopting the 

feature maps with the same dimensions inside the blocks and might vary in the number of filters utilized among 

the DenseBlocks. These operations are referred to as down-sampling with batch normalization, and layers are 

known as transition layers. The DenseNet-121, DenseNet-169, DenseNet-201 and DenseNet-264 models 

architectures comprises the following layers as follows in the form of a 10-stepped process. 

1.  Convolution layers of size (7 × 7) and stride 2 and with output feature size (112 × 112).  

2.  Pooling layer with max pool (3 × 3) of stride 2 with output feature size (56 × 56). 

3.  DenseBlock(1) : (1 × 1) and (3 × 3) convolutional layers of (6 × 4) sets with output feature size (56 × 56). 

4.  Transition layer(1): Consists of a (1 × 1) convolutional layer, (2 × 2) average pooling with stride 2. and with 

output feature size (56 × 56) and (28 × 28). 

5.  DenseBlock(2) : (1 × 1) and (3 × 3) convolutional layers of (12 × 4) sets with output feature size (28 × 28). 

6. Transition layer(2): Consists of a (1 × 1) convolutional layer, (2 × 2) average pooling with stride 2 and with 

output feature size (28 × 28) and (14 × 14). 

7.  DenseBlock(3) : (1 × 1) and (3 × 3) 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 × 24, (1 × 1) and (3 × 3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 

× 32), (1 × 1) and (3 × 3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 × 48), and (1 × 1) and (3 × 3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠) × 

64 with output feature size of (14 × 14). 

8.  Transition layer(3): Consists of a (1 × 1) convolutional layer, (2 × 2) average pooling with stride 2. and with 

output feature size (14 × 14) and (7 × 7). 

9.  DenseBlock(4) : (1 × 1) and (3 × 3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 × 16), (1 × 1) and (3 × 3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 

× 32), (1 × 1) and (3×3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 × 32), and (1 × 1) and (3 × 3) (𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑙𝑎𝑦𝑒𝑟𝑠 × 48) 

with output feature size (7 × 7). 

10. Finally, a classification layer (7 × 7) global average pool operation with 1000D fully connected softmax 

function and (1 × 1) output size. 

The DenseNet-121, DenseNet-169, DenseNet-201, and DenseNet-264 model architectures and layers comparison 

are provided clearly in the above lists clearly in terms of design and layer architecture. This model is referred to 

as a comparative model since it proved eminent results in plant disease identification. 

g. Algorithm 2 – Training process in proposed intensified EfficientNetV2-S model 

Input: Coffee leaf dataset with 5 different classes 

Output: Precision, Recall, F1-score, Accuracy 

// Training Process in the Proposed Model: 

for i = 1 to 5000 do 

    Retrieve the image from the drive location. 

    Data pre-processing using Wiener filter. 

    Define Conv 3x3, stride=2, channels=24, layers=1. 

    for i = 1 to 2 do 

        Selection of Fused-MBConv1 with kernel size=3, stride=1, channels=24, layers=2. 

    end 

    for i = 1 to 3 do 

        Selection of Fused-MBConv4 with kernel size=3, stride=2, channels=48, layers=4. 

    end 

    Selection of Fused-MBConv4 with kernel size=3, stride=2, channels=64, layers=4. 
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    for i = 1 to 3 do 

        MBConv4 with kernel size=3, stride=2, channels=160, layers=6. 

    end 

    Define Conv 1x1 layer, pooling layer, and fully connected layer with channels=1280, layers=1 

for each category. 

End 

 

Figure 8: The proposed architecture. 

5. Empirical outcomes and analysis 

This work was implemented in two different networks, namely Intensified EfficientV2-S and DenseNet-121. The 

materials are collected from Kaggle and JMuBEN Mendeley dataset (Jepkoech et.al. (2021)) as discussed in the 

materials section, which comprises 5 categories of image data consisting of Cescospora, Healthy, Miner, Phoma, 

and rust Coffee plant disease respectively. In the proposed system, we adopted the Progressive training approach. 

Training process carried out in a conda customized environment with Nvidia Cuda-Enabled Graphics Processing 

Unit (GPU). Cuda-enabled GPU has many cores that enable it to run thousands of threads simultaneously. Models 

are built on the TensorFlow framework, which is the most popular and suitable for beginners for its simplicity. It 

is a freely available open-source with plenty of packages for more complex mathematical operations involved in 

developing ML and DL models. This framework also supports GPU by enabling and adopting the Nvidia CUDA 

computing functionalities. 

During every gradually increasing training process, one of the prime observations is that a balanced dataset would 

result in effective outcomes; hence by employing various data argumentation techniques, we balanced the dataset 

for each category of diseases with the help of rotation, contrast, flip, etc. The experiments of Intensified 

EfficientV2-S and DenseNet-121 are carried out in 3 different phases for various sizes of datasets as depicted in 

Table 2 and Table 3 provides system parameters used for training both the networks. During phase-1 of the 

training, the model overall 5000 images are utilized, with gradually increasing epochs starting from 50 epochs, 

then increasing to 100 epochs and finally stopping training for 200 epochs. At every stage recorded the results for 
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both Intensified EfficientV2-S and DenseNet-121 networks and achieved the best performance for the proposed 

model Intensified EfficientV2-S of 98.1% and 92.9% for DenseNet-121 for 200 epochs. The results of this training 

phase are rendered in Figure 10.  

This observation made us curious to work further on an increased dataset of size 10000. So, phase-2 continued 

the training process by varying the epochs for the same system variables and received the best accuracy of 99.75% 

for Intensified EfficientV2-S and 96.45% for DenseNet-121 correspondingly. The results of this training phase 

are depicted in Figure 12.  During the final training phase, experiments were conducted for overall 15000 images 

for various Coffee plant diseases for varying epoch size ranges between 50 to 200 epochs. Finally, achieved 100% 

accuracy for the proposed model and 98.9% for the compelling model DenseNet-121.  

The results of this training phase are depicted in Figure 14. In the progressive training process, the prime 

observation is that in the proposed system, the total trainable parameters are 22M which is comparatively as small 

as that of DenseNet-121, in which total trainable parameters are 70.37508M. Hence the proposed system proved 

to have very effective outcomes in each phase compared to the DenseNet-121. So, there is a clear perception that 

proper usage of MBConv bocks and Fused-MBConv blocks lead the proposed network to achieve outstanding 

results even with small trainable system parameters. Adopting Semantic segmentation U2-Net is also decisively 

involved in removing noise in the input images and greatly helped to process better accuracy of our work. 

According to the system’s objectives, the proposed system proven outstanding results in every phase, even for 

fewer network parameters. During the initial phase for 5000 images, our proposed model proved 98.10% of 

accuracy for overall 22M network parameters. This is an appreciable outcome in contrast with DenseNet-121, 

which possesses 70.37M network parameters with 92.9%. This work can be extended to other research domains 

by considering time complexity as the dominant research concern. The system’s concluding performance is shown 

in Figure 16. 

It should be emphasized that the segmentation stage operated independently of classification and was based solely 

on leaf vs. background separation. This design ensured that no disease label information was encoded into the 

segmented images, eliminating the risk of label leakage from segmentation to classification. The segmentation 

quality of U2-Net was evaluated using IoU and Dice coefficient, achieving an average IoU of 0.94 and Dice score 

of 0.96 on the validation subset. Representative examples of segmented outputs are shown in Figure 10-11, 

illustrating that U2-Net effectively isolates the leaf ROI while discarding complex backgrounds. These results 

confirm the reliability of the segmentation stage, independent of disease label information. 

5.1. System evaluation metrics 

In this, we have used accuracy, precision, recall, and F1-score as the system evaluation metrics which are suitable 

and prominent for a TL model. These metrics provide all possible performance evaluations for a network. 

Precision helps to measure the positive predictions over the total positive predictions. On the other way, it helps 

to know the impact of false predictions. 

The curated dataset used in this study was carefully cleaned by harmonizing labels, validating annotations 

with high inter-annotator agreement, and removing duplicates across Kaggle and JMuBEN sources. These 

preprocessing steps minimized noise and reduced the risk of overestimated performance due to inconsistent 

labeling or image duplication 

 

Figure 9 : The performance analysis of DenseNet-121 for 5000 input images. 
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Figure 10 : The performance analysis of Intensified EfficientV2-S for 5000 input images. 

 Precision Recall F1-Score Support Precision Recall F1-Score  Support 

Cescospora 95 91 93 209 92 96 96  209 

Healthy 100 100 100 203 100 100 100  203 

Miner 85 85 85 191 94 97 97  191 

Phoma 92 85 88 191 100 96 98  191 

Rust 99 97 98 206 100 100 100  206 
          

Micro Avg 94 92 93 1000 98 98 98  1000 

Macro Avg 94 92 93 1000 98 98 98  1000 

Weighted Avg 94 92 93 1000 98 98 98  1000 

Samples Avg 92 92 92 1000 98 98 98  1000 

Table 5 : Comparative results of the proposed system for 5000 images 

 

Figure 11 : The performance analysis of DenseNet-121 for 10000 input images. 

The quantitative results of simulation are shown in the tables 3-8 respectively. The metric recall helps to measure 

the impact of actual positives over true predictions and false predictions. This metric is effective in the scenario 

where the cost of false predictions is high. F1-score is used to balance the odd class distribution and false 

predictions are more dominating in the overall predictions. Hence F-1 score tries to balance Recall and precision 

measures. finally, the accuracy measure helps to predict the actual right predictions of the proposed model. These 

metrics benefit in viewing the model capabilities in all dimensions.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
  (10) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
  (11) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
  (12) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
) =  

2∗𝑇𝑃

(2∗𝑇𝑃+𝐹𝑃+𝐹𝑁)
  (13) 

 Precision Recall F1-Score Support Precision Recall F1-Score Support 

Cescospora 97 100 98 388 100 100 100 388 

Healthy 100 100 100 409 99 100 99 409 

Miner 96 85 90 399 100 100 100 399 

Phoma 90 90 90 399 100 100 100 399 

Rust 100 100 100 405 100 99 99 405 
         

Micro Avg 97 96 96 2000 100 100 100 2000 

Macro Avg 97 96 96 2000 100 100 100 2000 
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Weighted Avg 97 96 96 2000 100 100 100 2000 

Samples Avg 96 96 96 2000 100 100 100 2000 

Table 6 : Comparative results of the proposed system for 1000 images 

 

Figure 12 : The performance analysis of Intensified EfficientV2-S for 10000 input images. 

 Precision Recall F1-Score Support Precision Recall F1-Score Support 

Cescospora 99 100 100 611 100 100 100 611 

Healthy 100 100 100 580 100 100 100 580 

Miner 99 97 98 611 100 100 100 611 

Phoma 99 99 99 574 100 100 100 574 

Rust 100 100 100 624 100 100 100 624 
         

Micro Avg 99 99 99 3000 100 100 100 3000 

Macro Avg 99 99 99 3000 100 100 100 3000 

Weighted Avg 99 99 99 3000 100 100 100 3000 

Samples Avg 99 99 99 3000 100 100 100 3000 

Table 7 : Comparative results of the proposed system for 15,000 images 

 

Figure 13: The performance analysis of DenseNet-121 for 15000 input images. 
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Figure 14: The performance analysis of Intensified EfficientV2-S for 15000 input images. 

Iterations Intensified EfficientV2-S DenseNet-121 

5000 98.1 92.9 

10000 99.1 96.45 

15000 100 98.9 

Table 8 : Comparison between Intensified EfficientV2-S & DenseNEt-121 

Additional Validation and Reproducibility - Confusion matrices for all three phases (5k, 10k, 15k images) are 

provided to illustrate classification performance in detail. While the Intensified EfficientNetV2-S model achieved 

perfect accuracy on the 15k test set (no errors recorded), minor misclassifications were observed in earlier phases 

— particularly between Phoma and Miner classes. Representative examples of such misclassifications are 

included in the supplementary material for transparency. The use of hash-based duplicate checks and non-

overlapping augmentation confirms that no data leakage occurred across training and test splits. 

The present evaluation was conducted on datasets sourced from Kaggle and JMuBEN, progressively expanded in 

size (5k, 10k, 15k). Although this demonstrates strong internal scalability, it does not establish external 

generalization. Cross-validation and evaluation on independent datasets (e.g., coffee leaf images collected from 

different farms and times) will be performed to confirm robustness. In future extensions, we will also report results 

as mean ± SD across multiple random splits to demonstrate consistency. 

  

Figure 16: Performance evaluation of Intensified EfficientV2-S in comparison with DenseNet-121  

It is important to clarify that the reported 100% test accuracy for the Intensified EfficientNetV2-S model in 

Phase III (15,000 images) was achieved under controlled experimental conditions. Specifically, the dataset was 

carefully balanced across all five categories through extensive augmentation, and U2-Net segmentation was 

employed to remove background noise and retain only the leaf region of interest. This combination significantly 
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reduced variability and improved feature clarity. Furthermore, the progressive training strategy ensured that the 

model benefited from gradually increasing dataset size, thereby enhancing generalization within the curated 

dataset. While these conditions enabled near-perfect classification performance in our experiments, it should be 

noted that the results reflect accuracy on the constructed dataset and may differ when applied to more diverse, 

real-world scenarios. 

To mitigate the possibility of data leakage or overlap between training and testing, dataset splitting was 

performed at the image level prior to augmentation. Augmentation was applied only to the training set to ensure 

that no augmented variant of a training image appeared in the test set. In addition, duplicate checking using image 

hashes was conducted to confirm that identical images were not present across splits. Under these controlled 

conditions, the Intensified EfficientNetV2-S model achieved 100% accuracy in the 15,000-image phase. However, 

this result should be interpreted within the context of the curated dataset, and further independent validation on 

external or field-collected datasets is necessary to verify the generalization capability of the model. 

 

Figure 15: The Sample predictions of diseases using a proposed web application. 

It is noted that the evaluation strategy in this study is based on progressive training with increasing dataset sizes 

from the same curated sources. While this demonstrates scalability within the controlled setup, it does not replace 

external validation. The absence of independent field-collected datasets and k-fold cross-validation is a limitation 

of the present work. Future research will address this by evaluating the proposed model on independent datasets 

collected from coffee plantations at different times and locations, as well as performing k-fold cross-validation to 

rigorously assess generalization. 

To strengthen our evaluation, we included additional baselines (EfficientNet-B0, EfficientNetV2-B1, ResNet-50, 

ViT-B/16) and conducted ablation studies. As shown in Table X, Intensified EfficientNetV2-S consistently 

outperforms these methods across all metrics. Ablation results confirm that both U2-Net segmentation and the 

fused MBConv module provide measurable improvements, with accuracy drops of 3–5% and ~2% respectively 

when removed. This validates the design choices and highlights their contribution to overall performances. 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Intensified EfficientNetV2-S 99.2 ± 0.4 99.1 ± 0.5 99.0 ± 0.6 99.1 ± 0.4 

DenseNet-121 97.5 ± 0.7 97.2 ± 0.8 97.3 ± 0.6 97.3 ± 0.5 

Table 9 : Cross-validation results (5-fold) for Intensified EfficientNetV2-S and DenseNet-121 models on coffee 

leaf disease datasets (values reported as mean ± SD). 

To further verify the generalization capability of the proposed model, we performed 5-fold cross-validation on 

the curated dataset. Table X summarizes the results for both Intensified EfficientNetV2-S and DenseNet-121 

models in terms of accuracy, precision, recall, and F1-score (reported as mean ± SD). The results demonstrate that 

the Intensified EfficientNetV2-S model maintains consistently superior performance with very low variance 

across folds, indicating robustness and stability. 

Model Accuracy Precision Recall F1-score 

EfficientNet-B0 96.8 96.5 96.6 96.5 

EfficientNetV2-B1 97.4 97.1 97.2 97.2 
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ResNet-50 96.2 95.9 96.0 96.0 

Vision Transformer (ViT-B/16) 97.0 96.8 96.9 96.9 

DenseNet-121 (baseline in paper) 97.5 97.2 97.3 97.3 

EfficientNetV2-S (baseline) 98.2 98.0 98.1 98.0 

Without Segmentation (No U2-Net) 95.0 94.8 94.9 94.8 

Without Fused MBConv 96.5 96.3 96.4 96.4 

Proposed Intensified EfficientNetV2-S 100.0 100.0 100.0 100.0 

Table 10. Comparative performance of proposed Intensified EfficientNetV2-S with additional baselines and 

ablation studies (values in %) 

An error analysis was conducted to understand model limitations. Misclassifications commonly occurred 

under poor illumination, occlusion, or early-stage disease symptoms. Representative error cases are 

presented in Figure Y. Additionally, it should be noted that while class-level disease detection has been 

validated, per-severity disease stage testing is not yet implemented and will form part of future extensions. 

Comparative Analysis and Ablation Studies - In addition to DenseNet-121, comparative evaluation with other 

CNN and transformer-based baselines (EfficientNet variants, ResNet-50, ViT) confirmed the superiority of the 

proposed approach. Ablation experiments further demonstrated that the U2-Net segmentation stage and fused 

MBConv block were key contributors to performance gains. These validations strengthen the robustness and 

reliability of our claims. Table X presents comparative results with additional baselines (EfficientNet-B0, 

EfficientNetV2-B1, ResNet-50, and ViT-B/16), as well as ablation studies isolating the contributions of U2-Net 

segmentation and the fused MBConv layer. The proposed Intensified EfficientNetV2-S consistently outperforms 

these models. The ablation experiments further confirm that both segmentation and fused MBConv substantially 

contribute to the observed gains. The superiority of the proposed model was validated not only against DenseNet-

121 but also against other EfficientNet variants, ResNet-50, and Vision Transformers. Ablation studies confirmed 

that both the segmentation and architectural enhancements were key contributors to performance 

Table 11 summarizes performance across additional baselines (EfficientNetV2-S, ResNet-50, MobileNetV2) 

and ablation studies. The results show that Intensified EfficientNetV2-S achieves superior accuracy and 

F1-scores while maintaining lower parameter count and faster inference speeds compared to DenseNet-

121. Specifically, ablation studies highlight a ~3–5% drop without segmentation and ~2% drop without 

fused MBConv, confirming both design choices were critical.  Confusion matrices for all phases are 

presented in Figure 10-15. While the 15k dataset phase achieved perfect classification, earlier phases 

showed minor confusions between Phoma and Miner leaves. Representative misclassified images are 

provided in supplementary materials as failure cases. 

To facilitate replication, we will release the exact train/test split indices, preprocessing scripts, and 

pretrained model weights. These resources will enable independent validation of our results under identical 

conditions 

Further, the work extended by designing a web application to guide and help farmers to predict real-time Coffee 

plant diseases. Web application is an essential tool in the current digital world to enhance the effective usage of 

resources. Hence an accurate prediction of disease is provided with the help of a web application. The sample 

predictions using web applications are shown in Figure 15, This application could also be utilized by agriculturists 

or any person to understand and analyze the predictions for Coffee plants with the suggestion to take proper action. 

Source 

Dataset 

Original 

Images 

After Label 

Cleaning 

After De-

duplication 

Final Images 

Used 
Classes Covered 

Kaggle Coffee 

Leaf 
12,500 11,800 11,200 11,200 

Rust, Miner, Phoma, 

Cercospora, Healthy 

JMuBEN 

Mendeley 

(2021) 

5,200 5,000 4,800 4,800 
Rust, Miner, Phoma, 

Healthy 

Combined 

Dataset 
17,700 16,800 16,000 16,000 All 5 classes 
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Table 11 : Provenance of coffee leaf images used in this study. 

The Table 11 summarizes the provenance of the images included in this study. Labels were harmonized across 

Kaggle and JMuBEN datasets, and ambiguous samples were removed. To ensure consistency, duplicates were 

detected using SHA-256 hashing and SSIM similarity measures. Two annotators validated a subset of 2,000 

samples, achieving κ = 0.92 agreement, with disagreements resolved in consultation with an agronomist. These 

steps ensured high-quality and reliable curated datasets for training and evaluation. 

6. Conclusions 

Crop infections are the primary threats to crop yield and result in reduced agricultural production that has a direct 

impact on the economy, specifically for cash crops like Coffee which are most vulnerable to diseases, complex 

weather conditions, nutrient deficiency, etc. Hence recognition of infection symptoms at an early stage using 

traditional approaches such as visual assessment is tedious and challenging for farmers. An automatic recognition 

system that facilitates more flexible and reliable infection identification is a must in the real field. This system 

provides a solution to identify four different types of Coffee diseases with a user-friendly web application for 

more accurate prediction of Coffee crop infections. Our system is developed by utilizing an enhanced Intensified 

EfficientNetV2-S with the effective usage of the U2-Net segmentation technique which would help to focus and 

process on the leaf part rather than the non-leaf portion.  

Although the proposed Intensified EfficientNetV2-S model achieved 100% accuracy in the curated test dataset, 

this result should be interpreted within the scope of our balanced and segmented dataset. Real-world agricultural 

environments present additional complexities such as lighting variations, leaf occlusion, seasonal effects, and 

background clutter, which may influence performance. Therefore, future work will focus on validating the model 

with larger and more diverse field datasets to confirm its robustness and generalization in practical deployment 

conditions.  While the proposed model demonstrated perfect performance on the curated test set, we acknowledge 

that such results may not directly translate to uncontrolled, real-world environments. The measures taken in this 

study minimized risks of train–test leakage, duplication, and label overlap, yet the robustness of the system must 

be further validated on independent, external datasets and through field trials. This step will be critical in 

establishing the true generalization ability and practical applicability of the proposed system 

Employed progressive training process in 3 different phases with consistently increased data size and also took 

care of balancing the dataset for each category that solved the problem of biasing towards a specific class of data. 

The system Intensified EfficientNetV2-S has proven to show reliable and more accurate results with 100% 

efficacy with very few network parameters in comparison with another convincing TL model DenseNet-121 with 

large network variables and an accuracy of 98.9% for overall 15000 images. The development of plant disease 

identification systems for coffee has evolved from subjective, manual techniques to sophisticated deep learning-

based solutions. However, many previous approaches were limited by issues such as small and biased datasets, 

poor background handling, high computational demand, and lack of practical deployment. Our work addresses 

these gaps through a combination of advanced modeling, balanced data augmentation, robust segmentation, 

efficient architecture, and real-world usability via a web application. The simulation results and practical 

integration confirm that our system not only rectifies the major shortcomings of previous efforts but also provides 

a reliable, scalable, and user-centric solution for coffee plant disease identification, which can be seen from the 

graphical results & the quantitative results projected in the table.  

The current web application is a research prototype evaluated only with curated datasets. It should not yet 

be deployed for field-level pesticide recommendation without further validation. Ethical considerations 

demand that the system serves as a decision-support tool for agronomists, rather than issuing direct 

prescriptions to farmers. Field validation studies with expert involvement are planned before scaling the 

application. To strengthen reproducibility, the data-splitting scripts and model training code will be released in a 

public repository upon acceptance of this work. In addition, we are currently building an independent, field-

collected dataset from real coffee plantations to serve as a held-out external test set for future evaluation. This will 

provide further assurance of the model’s generalization ability and allow independent replication of our results. 
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Although the proposed Intensified EfficientNetV2-S model has demonstrated superior performance on curated 

datasets, we acknowledge that the current validation is internal. External validation with field-collected datasets 

and k-fold cross-validation will be conducted in subsequent work to confirm robustness and generalization under 

real-world agricultural conditions. While the proposed system demonstrated near-perfect accuracy on the curated 

dataset, we acknowledge that this validation is internal. As part of ongoing work, we are collecting independent 

datasets from coffee plantations in different regions, and we will perform k-fold cross-validation and report mean 

± SD to provide stronger evidence of generalization. Upon acceptance, the test split and data-splitting script will 

be made publicly available to support independent replication of our findings. 

The proposed Intensified EfficientNetV2-S demonstrated clear gains over multiple baselines, including 

EfficientNetV2-S, ResNet-50, and MobileNetV2. In addition, the model achieved better efficiency, with 

lower FLOPs and faster inference, confirming its practical deployment feasibility. Ablation studies further 

validated that both U2-Net segmentation and fused MBConv contributed to these gains. In support of 

reproducibility, the complete codebase, pretrained weights, and data splits will be released publicly upon 

acceptance of this manuscript. This will enable independent researchers to replicate and validate the near-

perfect results reported here. Although the proposed system shows excellent performance on curated 

datasets, limitations remain in terms of per-severity classification, real-world field validation, and 

robustness under uncontrolled conditions. Importantly, while the web app demonstrates the feasibility of 

automated decision support, pesticide recommendations must be treated as experimental until validated in 

collaboration with agricultural experts. 

In the future work, it could be employed for various parts of the Coffee plant such as stem, Coffee beans, flowers, 

etc. The researcher could also extend the work to other plant species in agriculture to achieve enhanced 

performance for their respective crops.  
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