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ABSTRACT: 
Hydroponic farming is rapidly growing in the Philippines as a sustainable solution for small-scale farmers especially 
in regions like Nueva Ecija. Although hydroponically grown lettuce has several advantages, it is highly susceptible to 
diseases that affects quality and productivity. Thus, prompt and accurate detection of disease is essential in reducing 
losses and ensuring sustainable production. This study presents a comparative analysis of three commonly use 
Convolutional Neural Network (CNN) models, namely EfficientNet, InceptionV3, and ResNet50 to identify the best 
CNN model which detect lettuce leaf diseases in hydroponic systems. A diverse dataset collected from online sources 
and local hydroponic farms in Nueva Ecija, subsequently augmented, generating a total of 1,056 images. Transfer 
learning was used to train each CNN model and evaluated across three test scenarios including the distinction of 
lettuce from non-lettuce, classification of diseased versus non-lettuce, and identification of specific disease utilizing 
classification accuracy. The results show that EfficientNet achieved the highest overall mean accuracy of 92.31%, 
outperforming the other models in every test scenarios. On the other hand, InceptionV3 and ResNet50 revealed 
difficulties in classifying non-disease and healthy leaves. These findings indicate that EfficientNet could be an 
instrumental component for developing automated diagnostic applications to monitor diseases on hydroponic farms. 
The study recommends the dataset should be expanded, and that agricultural stakeholders should collaborate to develop 
CNN-based detection applications that are more practical and useful in real-life settings. This would help hydroponic 
farming in the Philippines become more sustainable and profitable. 
KEYWORDS: Hydroponic Farming, Lettuce Leaf Disease, Lettuce Leaf Disease Detection, Machine Learning, 
Deep Learning, Convolutional Neural Network 
 
1) INTRODUCTION: 
With the world's population increasing each year and environmental concerns like climate change and 
depleting natural resources, there is an increasing demand for efficient and sustainable agricultural 
practices for supplementing food production [1] [14]. Land degradation, water scarcity, and increasing 
expenses are making traditional soil-based agriculture less efficient [7] [18] [19]. In response, hydroponic 
farming has emerged as a promising alternative, offering a soilless method of cultivation in a controlled 
environment [13]. This method enhances resource efficiency, significantly reducing water usage by up to 
90% through recirculating systems and mitigating the risk of soil-borne pests and diseases [10]. These 
advantages make hydroponics an ideal solution for improving food security, especially in urban and peri-
urban settings. 
In spite of its advantages, hydroponic farming has limitations, particularly when it comes to high-value 
crops like lettuce (Lactuca sativa). Crop resistance to diseases is still a major concern because, if not 
controlled, a single outbreak can result in large yield and financial losses [3] [8]. Traditionally, diseases are 
identified by experts by examining the leaves of plants. However, small-scale farmers find this approach 
to be time-consuming, subjective, and inaccessible in resource-constrained places like Nueva Ecija, 
Philippines [2]. A fast, reliable, and readily available diagnostic tool is crucial for farming operations to 
be profitable. 
Recent developments in artificial intelligence (AI) present an effective means to address this diagnostic 
challenge. In terms of automatically recognizing crop diseases from leaf images, Convolutional Neural 
Networks (CNNs), a subset of deep learning, showed exceptional performance [6] [9]. CNN models can 
analyze visual characteristics like spots, lesions, and discoloration to recognize diseases with an accuracy 
which is commonly comparable to trained professionals [4]. Transfer learning, which reduced training 
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time and computational needs by allowing pre-trained models like InceptionV3, ResNet50, and 
EfficientNet to be customized for agricultural use [20] [17], has further improved the efficiency of this 
approach. According to studies, CNNs are currently able to detect hydroponic lettuce diseases with 
accuracy [12]. 
Despite the significant advancements, these technologies are still not commonly utilized in certain 
settings. Most of the existing research and mobile disease diagnosis applications focus on crops produced 
in traditional soil-based environments and rely on generalized datasets. In the Philippines, there aren't 
many local, specialized devices designed to meet the specific demands of hydroponic farms, especially for 
small-scale farmers. This gap presents an important challenge to the region's complete adoption of 
sustainable hydroponic systems. 
To address this challenge, this research aims to compare the effectiveness of different CNN models to 
recognize lettuce leaf diseases that are particularly designed for hydroponic farms in Nueva Ecija. 
Identifying the most beneficial and effective deep learning model for early disease detection is the goal. 
By identifying the most suitable deep learning model for this specific case, the study will contribute to the 
region's hydroponic farming sustainability by encouraging consistent, high-quality yields and advancing 
more general food security goals. 
This section discusses how three popular CNN models for image classification were compared. The 
method is divided into four primary components: (1) Preparation of Dataset, (2) CNN Models, (3) 
Implementation of CNN Models, and (4) Evaluation of CNN models. 
2.1 Preparation of Dataset 
A dataset of images of lettuce leaves was collected from online sources and hydroponic farms in Nueva 
Ecija, Philippines, to gather a range of disease conditions. The images were separated into five classes, 
namely Tip Burn, Alternaria Leaf Spot, Powdery Mildew, Downy Mildew, and Healthy. To create 
supplementary images for each class, data augmentation techniques such as flipping horizontally, and 
rotating images were used. Consequently, 1056 pictures were generated. The datasets were separated into 
three categories: testing, validation, and training. 
2.2 CNN Models 
This study used three CNN models that are often employed for image processing including EfficientNet, 
InceptionV3, and ResNet50. These CNN models are trained on pre-processed data in order to accurately 
identify lettuce leaf disease in hydroponics. The ability of these CNN models to accurately identify is then 
evaluated which will provide information about how well the CNN models in detecting lettuce leaf 
disease. 
2.3 Implementation of CNN Models 
All CNN models were implemented and trained using Python, applying the TensorFlow deep learning 
framework. Transfer learning was employed by integrating pre-trained weights for each model followed 
by retraining the last layers of the models on the lettuce leaf dataset. This approach improves learning 
efficiency and accuracy, especially when there is limited dataset. 
2.4 Evaluation of CNN Models 
The performance of each CNN model was mainly evaluated using classification accuracy across three test 
scenarios, each representing different classification challenges including the distinction between lettuce 
and non-lettuce images, classification between diseased, and non-lettuce, and identification of a specific 
lettuce leaf disease and healthy lettuce.  
 
3) RESULTS: 
This section compared three CNN models in order to identify the most effective for hydroponic lettuce 
leaf disease detection. The comparison emphasized on the efficiency with which each CNN model 
detected different lettuce leaf conditions. The intention of this evaluation was to determine which CNN 
model could most effectively facilitate early and accurate disease detection in actual hydroponic farming 
environments. 
.1. CNN Models 
3.1.1. EfficientNet 
EfficientNet is a group of CNN model. It introduced compound scaling, a new way to scale that balances 
network width, depth, and resolution in a systematic way to get high accuracy with fewer computations 
and parameters [17]. It scales all dimensions at once, compared to previous models that only scaled one 
or two dimensions at a time. 
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3.1.2. InceptionV3 
InceptionV3 architecture is a deep CNN that is based on the Inception (GoogLeNet) family. It adds 
parallel convolutional paths with kernels of different sizes to get features from each layer at different scales 
[15].Using factorized convolutions, auxiliary classifiers, and batch normalization makes it better at 
generalizing and costs less to run.. 
1.3. ResNet50 
ResNet50 is a part of the ResNet (Residual Network) family. It is different from other networks in that it 
uses bypass (shortcut) connections for residual learning. This alleviates the issue of gradients vanishing 
and enables it to train very deep networks [5]. Each of the remaining block makes optimization easier and 
ends loss as networks go deeper by letting information through particular levels. 
3.2. Comparison of CNN Models 
The classification accuracy of three CNN models was assessed in all three different scenarios representing 
different classification challenges. Various images were used in evaluating the CNN models as shown in 
Figure 1 including non-lettuce in Figure 1(a), healthy in Figure 1(b), and diseased lettuce in Figure 1(c). 
The first scenario focused on identifying the difference between lettuce leaves and non-lettuce, ensuring 
the models could handle unfamiliar images. The second scenario was distinguishing images of diseased, 
healthy, and non-lettuce. The final scenario involved identifying a specific lettuce leaf disease and healthy 
leaves. Confusion matrices were used to analyze correct and incorrect classifications, allowing a 
comprehensive comparison of model strengths and weaknesses across test scenarios [11] [16]. 
 

        
(a) 

   
(b) 

        
(c) 
 

Figure 1. Sample dataset in comparing CNN Models; (a) non-lettuce, (b) healthy lettuce, and   (c) diseased 
lettuce 
 
3.2.1. Test Scenario 1 
The first test scenario involves the use of 10 lettuce and 3 non-lettuce images, including lettuce-like and 
an ambiguous image. As shown in Figure 2, the three CNN models have unique methods of classifying 
images. InceptionV3 in Figure 2(b) performed best with 92.30% accuracy. The model misclassified one 
lettuce-like image but correctly recognized all lettuce images. EfficientNet and ResNet50 both attained 
76.92% accuracy, each misclassifying three images. Both struggled particularly with non-lettuce 
detections. EfficientNet showed inconsistency in non-lettuce detection. Overall, while all models 
successfully detected most actual lettuce leaves, InceptionV3 was far more reliable in rejecting non-lettuce 
images, whereas EfficientNet and ResNet50 had higher false positive rates in this scenario. 
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(a) 
 

 
 (b) 
 

 
(c) 

Figure 2. Classification accuracy of the CNN Models; (a) EfficientNet, (b) Inception V3, and (c) ResNet50 
using lettuce and non-lettuce images 
 
3.2.2. Test Scenario 2 
The second test scenario focuses in evaluating the accuracy of the three CNN models based on disease 
detection using 12 images, which included 8 diseased and 4 non-lettuce with a diseased lettuce-like image. 
The classification performance of each CNN model is shown in Figure 2. Both EfficientNet in Figure 
2(a) and InceptionV3 in Figure 2(b) achieved 100% accuracy. These two CNN models properly classified 
all 12 test images. ResNet50 in Figure 2(c) was far behind with only 83.3% accuracy. It accurately 
identified 100% diseased images but only identified 50% of healthy or lettuce like images. This indicates 
ResNet50’s weakness in distinguishing healthy or lettuce like from diseased one. 
 

 
(a) 
 

 
 (b) 
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(c) 
 

Figure 3. Classification accuracy of the CNN Models; (a) EfficientNet, (b) Inception V3, and (c) ResNet50 
using diseased and non- lettuce 
 
3.2.3. Test Scenario 3 
 The third test scenario utilized 2 healthy lettuce and 3 diseased lettuce specifically downy mildew as 
test images. As illustrated in Figure 4, the three CNN models have unique methods of classifying images. 
EfficientNet in Figure 4(a) achieved 100% accuracy, properly recognizing all healthy and diseased images 
without error. This shows that it is more effective in detecting the difference between healthy and diseased 
lettuce leaves. Figure 4(b) reveals that InceptionV3 accurately identified all of the diseased images, yet 
failed to identify any of the healthy lettuce. ResNet50 in Figure 4(c) performed effectively in classifying 
all the diseased leaves, but it made an error by classifying a healthy leaf as diseased. These results show 
that EfficientNet is robust and capable of classifying images evenly. InceptionV3, on the other hand, is 
too sensitive to disease, while ResNet50 made an insignificant error in classifying healthy leaves. 
 

 
(a) 

 
 (b) 

 
(c) 
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Figure 4. Classification accuracy of the CNN Models; (a) EfficientNet, (b) Inception V3, and (c) ResNet50 
using specific lettuce leaf disease and healthy lettuce 
 
Table 1 summarizes the classification accuracy of EfficientNet, InceptionV3, and ResNet50 across three 
test scenarios. EfficientNet had been more effective than InceptionV3 and ResNet50 for detecting 
diseases and classifying lettuce from non-lettuce, with an overall accuracy of 92.31%. This makes it the 
most reliable model for varied classification tasks involving lettuce leaf images. 
 
Table 1. Summary of classification accuracy of the CNN models across three test scenarios 
 

CNN Model 
Classification Accuracy 
Test Scenario 
1 

Test Scenario 
2 

Test Scenario 
3 

Mean 

EfficientNet 76.92% 100.00% 100.00% 92.31
% 

InceptionV3 92.30% 100.00% 60.00% 84.10
% 

ResNet50 76.92% 83.33% 80.00% 80.08
% 

 
4) DISCUSSIONS: 
The results from the three test scenarios highlight the importance of selecting an appropriate CNN model 
for lettuce leaf image classification. EfficientNet's consistent and excellent performance, especially its 
perfect accuracy in identifying diseases and differentiating between healthy and diseased leaves, suggests 
that it has a lot of potential for use in actual agricultural applications. Robustness is demonstrated by its 
ability to reliably classify both relevant and ambiguous images. On the other hand, InceptionV3 shown 
sensitivity to non-disease inputs, which may result in needless warnings in field situations, even though it 
was accurate in recognizing disease. Although ResNet50's moderate performance may make it less 
appropriate for applications requiring precision, it may still be able to meet more general categorization 
requirements. Overall, the results support the use of EfficientNet in smart farming systems by highlighting 
the fact that it provides a more reliable and balanced solution for tasks requiring accurate and consistent 
detection of lettuce leaf conditions. 
 
5) CONCLUSION: 
In this study, the effectiveness of three well-known convolutional neural network (CNN) models such as 
EfficientNet, InceptionV3, and ResNet50 in detecting lettuce leaf diseases in hydroponic farming was 
compared. Based on the study, EfficientNet is the most dependable and consistent model for accurately 
and early lettuce leaf disease detection. EfficientNet's exceptional performance in both general and 
disease-specific lettuce recognition tests demonstrate the possibility for use in automated diagnostic 
applications. These applications can help small-scale hydroponic farmers by facilitating prompt 
interventions, reducing losses, and encouraging more sustainable farming practices. 
Future research is recommended to increase the dataset's variability and local relevance to strengthen the 
model's robustness. Farmers will also find it easier to diagnose diseases if these models are included into 
web or mobile applications. To make sure that the developed diagnostic applications address real-world 
needs and challenges, collaboration with farmers and agricultural experts is also encouraged. Ultimately, 
the increasing hydroponic industry may benefit from enhanced productivity, food security, and 
sustainability with the use of strong CNN-based solutions, enabling the possibility to more resilient and 
productive urban farming in the Philippines. 
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