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Abstract- Tomatoes are a major vegetable crop across the 

globe, contributing significantly to agriculture and human 

health. Unfortunately, tomato cultivation is negatively 

impacted by diseases which lead to significant yield losses that 

hurt the farmers' livelihoods. In this paper, we present a 

Tomato Disease Detection system which utilizes transfer 

learning with three very popular deep learning models, 

InceptionV3, DenseNet, and VGG19. This paper presents a 

comprehensive comparative study of the architectures of these 

models, measuring and investigating their accuracy and 

efficiency for diagnosing common tomato diseases before 

ultimately being able to determine the most capable model for 

agricultural research in to the future. 

 

Through the evaluation of the performance of these 

models, we provide important knowledge of their strengths 

and weaknesses, which can underpin evidence-based disease 

control interventions. Our results are indicative of the 

potential to improve crop health surveillance and enhance 

sustainable farming practices. 

 

This work not only advances the use of computer 

vision in agriculture, but also provides practical 

interpretation for farmers and industry actors. Developing 

reliable disease identification tools can enable early detection 

and treatment of plant disease that would result in yield losses 

and boosting farm productivity. Moreover, the inclusion of 

deep learning approaches in agriculture allows for data-

driven decision that provides and optimizes use of resources 

and efficiencies in operations. 

 

Collaborative research that emphasizes the 

integration of artificial intelligence to modernize agriculture 

will improve collaboration between technology and 

agriculture. These findings have implications for increasing 

food security, revitalizing rural economies, and promoting 

environmental sustainability, moving the agricultural sector 

forward in a meaningful way. 

 

I. INTRODUCTION 

 

 Recent developments in artificial intelligence (AI) 

are paving the way for new options to address persistent 

problems in agriculture, with applications toward detecting 

diseases in crops, optimizing yields and better utilization of 

resources. One of the most important uses of AI in agriculture 

is plant disease identification for the early diagnosis of plant 

infections which can impact food security, economic stability, 

and sustainability. Tomatoes are among the most, if not the 

most, commonly eaten and nutritionally critical crops that 

suffer from infections that can considerably lower yields and 

affect farmers' incomes. 

 

Tomato diseases may have considerable economic 

impacts, with growers often experiencing significant financial 

losses and complicated agricultural supply chains. Traditional 

approaches to disease assessments rely on visual identification 

by specialists; however, this process is not only subjective, but 

it takes considerable time and is difficult on large farms with 

limited access to agricultural specialists. Therefore, although 

visual identification of crop diseases requires human input, 

this means for the analyzed regions are less desirable, and 

automated disease detection are merits. 

 

Deep learning has emerged as a potential solution for 

these obstacles as a potent subset of machine learning. The 

capability of deep learning to manage complex visual data, in 

particular, is timely for applications in agriculture, and transfer 

learning—the modification of pre-trained models to make 

them useable on specific tasks—has reduced the demand for 

large, labelled datasets and increased the practicality of AI in 

agriculture. Pre-trained models (often trained on massive 

amounts of images, like ImageNet) can be modified to learn 

how to recognize plant diseases with greater accuracy even 

with a smaller amount of training images. 

 

This study will build off the aforementioned studies 

by examining three state-of-the-art deep learning 
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architectures—InceptionV3, DenseNet, and VGG19—and 

their ability to detect and identify more common types of 

tomato diseases: bacterial spot, early blight, late blight, and 

healthy leaves. The proposed study will assess the three 

architectures' performance using transfer learning in terms of 

accuracy, speed, and computational efficiency to find the best 

real-world solution for farmers. 

 

The main goals of this study are: 

 

1. To carry out a thorough comparison of these models 

in identifying tomato diseases. 

2. To assess their feasibility for real-world use in 

agriculture, including the computational needs and 

scales of adoption. 

3. To generate clear, usable recommendations for use 

by farmers, agronomists, and decision-makers for 

improved disease management. 

 

Beyond its academic contributions, this work has 

direct relevance to food security and rural economies. A trust-

worthy AI-based detection system supports farmers to respond 

to early warning signs enabling them to intervening sooner to 

reduce crop losses and the unnecessary use of pesticides. In 

addition, the incorporation of AI technologies into agriculture 

fosters precision farming systems that limits unnecessary 

waste and promotes sustainability. 

 

In summary, this research emphasizes the 

transformational capacity of deep learning with respect to 

modern agriculture. We intend to highlight the cutting edge 

models for tomato disease detection, and the practical 

challenges of agricultural practice, emphasizing the need for 

resilient and productive agricultural systems. 

 

II. LITERATURE REVIEW 

 

Researchers have examined various methods to 

detect tomato diseases with varying techniques from 

conventional methods to modern deep learning methods. The 

initial solutions based on manual observations by farmers or 

experts, which were dubbed the ''one-offs'' suffer from 

problems such as time inefficiencies and subjectivity. The 

subsequent introduction of image processing algorithms (e.g., 

SVM and k-means clustering) improved the automation ability 

for agricultural tomato disease detection albeit, they usually do 

not perform well in handling more complicated disease 

patterns. More recently convolutional neural networks (CNN) 

with their relatively automatic architecture and improved 

accuracy made important, progress and scalability in terms of 

correctly identifying various tomato disease from images 

when compared to older methods. 

 

With the scarcity of labeled datasets, transfer learning 

has gained more popularity as a method for large-scale plant 

disease identification. Transfer learning also applies to trying 

to identify whether there are any features that can be disease 

specific and leveraging a model that you pre-trained for this 

purpose like ResNet or EfficientNet trained on ImageNet in 

this case. Studies have shown that you can achieve accuracy as 

high as greater than 90% with transfer learning models with 

only hundreds of training images. With traditional models 

taking a lot longer to train, transfer learning enables you to 

train faster, generalize better, and spend less computationally. 

 

Many studies have examined deep learning 

architectures to classify tomato diseases. InceptionV3; which 

uses convolutional neural networks with multi-scale feature 

extraction; performed well and completed a series of trials 

with 94% accuracy in recent work. DenseNet's dense 

connections assist with feature reuse, so they performed well 

on relatively few diseased classes. Overall, VGG19 produced 

consistent performance but lacked efficiency compared to 

others models due to its considerable number of parameters. 

Overall, the majority of the research thus far has been directed 

to good laboratory environments as opposed to real-world 

field conditions.  

 

A major issue with the existing body of literature and 

models in tomato diseases is that most studies do not provide 

specific measures of accuracy. The accuracy of a model alone 

is insufficient to evaluate the performance of the model 

because the time taken to make the classifications needs to be 

considered in terms of speed and/or computational efficiency. 

While some models have been evaluated for deployment on 

the edge or field conditions they often only assess accuracy 

with no regard for time taken to make the evaluation on edge 

devices. These limitations are the focus of this study when 

exploring InceptionV3, DenseNet and VGG19 across similar 

field conditions with respect to evaluation of accuracy and 

computational efficiency. 

 

 
(a) Leaf 1: Bacterial Spot 
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(b) Leaf 2: Early Blight 

 

 
(c) Leaf 1: Late Blight 

 

 
(d) Leaf 1: Healthy 

 

III. METHODOLOGY 

 

The research procedure began with the selection and 

manipulation of the PlantVillage dataset, which contains a 

comprehensive collection of images of tomato leaves 

belonging to four categories: bacterial spot, early blight, late 

blight, and healthy. Prior to training the model using the 

dataset, we imposed the same size restrictions on all images in 

the dataset, resizing all images into a standard resolution of 

256×256 pixels with pixel normalization to scale values 

between 0 and 1 for stability purposes in training. To 

minimize overfitting and address any potential class imbalance 

in the dataset, we used data augmentation in real-time wearing 

we trained on the modified image data set and added the 

possibility of random rotations by +/- 40 degrees, horizontal 

flips, and brightness +/- 30% changes. These transformations 

added to the effective size of the training set and improved the 

model's resilience to natural variations of conditions in the 

field. 

 

Our approach is founded on transfer learning with 

InceptionV3 since, after thorough comparison of various 

convolutional neural networks (CNNs), we considered 

InceptionV3 to have excellent performance in classification 

tasks similar to agricultural imagery. We initialized the model 

with weights from the extensive ImageNet dataset, including 

the feature extraction capability that came from millions of 

diverse images. The design of the InceptionV3 architecture 

allows for the extraction of varying scales of signals, which is 

well-articulated in the construction of inception modules 

within the model. The ability to capture fine detail, while also 

capturing larger signals provides an unprecedented ability to 

classify leaf images. For our classification task, we have 

modeled the InceptionV3 architecture and removed the 

original classification layer then replaced it with a custom 

layer, the outputs of which, match the specified number of our 

classes. 

 

Our fine-tuning strategy incorporated a structured 

two step process. In the first step, we froze all convolutional 

layers and trained only the added classification layers to allow 

the model to adapt to our dataset in regards to the extreme rate 

of decision-making at the end of the model. In the second step, 

we unfroze the top 30% of the convolutional layers and 

provided an additional set of fine-tuning to allow the model to 

create more domain specific feature extraction as opposed to 

more general features relying on prior learning from 

ImageNet. It is important to note, we did not include the 

sometimes successfully implemented transfer learning 

technique of fine-tuning the top layers of the frozen model to 

adapt to unrelated issues as briefly noted. 

 

Conducting numerous trial runs and delivering 

thoughtful conscious examinations on the methods, we 

confirmed optimal hyperparameters were (learning rate: 0.001, 

optimizer: adam, batch size: 32 samples, training: epochs 15, 

categorical cross-entropy loss function) were picked. We also 

utilized early stopping method with a patience of 3 epochs to 

protect against overfitting while allocating sufficient time for 

training and converging. 

 

We achieved decent results from the well-tuned 

model where we had perfect classification scales on the 

training set with a 97.38% on the held out validation set, 

demonstrating a strong generalization ability.The overall 

effectiveness of the model was assessed using several criteria - 

full confusion matrix, computational efficiency, and inference 

speed. The strong results indicate a promising feasibility for 

application in real crop situations; one of our future planned 

steps is to further optimize and tailor the model for edge 

device application to implement plant disease detection at the 

field level. A key successful aspect of this methodology is its 

careful negotiation for both pre-trained knowledge and 

specialized fine-tuning, while also performing multiple data 
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preparation and data augmentation processes aimed at the 

development of plant disease classification capabilities. 

 

 
 

IV. EXPERIMENTAL SETUP 

 

Description of Hardware and Software Used  

 

For our project, we utilized Google's Colab cloud 

service. Colab enables cloud computing using their own 

cluster of highly capable NVIDIA GPUs (either Tesla K80s or 

T4s) as part of an online platform for various deep learning 

applications, such as model training and inference. The cloud 

access via a cloud hosted service was incredibly useful for us 

because we did not need any expensive local hardware, and if 

the service level was appropriate, the cloud was effectively 

free for what we needed, and provided us with plenty of 

computing resources to complete our model training tasks. We 

benefited significantly from GPU acceleration - as we only 

trained our InceptionV3 model for five minutes, where 

typically we would wait hours on a non-GPU, or cpu-based 

machine for it to complete.  

 

Continuing, we built our software pipeline using 

TensorFlow (as the core application layer for deep learning) in 

addition to Keras (the high level APIs provided us with 

simpler model development and experimentation capabilities). 

Keras allowed us to create and manipulate neural network 

architectures relatively easily, while providing our own level 

of detail control over the training process. The Python 

packages provided in its Google Colab environment were 

optimized, contained all the packages to support our annual 

training objectives, such as NumPy for numerical operations, 

Pandas for data, and Matplotlib for graphical output. 

Therefore, we had an optimal functional ecosystem to 

complete the machine learning process.  

 

We split our data into a training and validation 

subset, so we could measure how well we were performing 

with our models. The training data contained 4,806 images 

selected intentionally, and our validation subset contained 

1,910 images, comprised of four equally distributed target 

classes: bacterial spot, late blight, early blight, and healthy 

leaves. This sized training data was good enough and allowed 

for a portion of the training subset to use for an accurate 

performance validation. 

 

For every model architecture, InceptionV3, 

DenseNet, and VGG19 the weights were initialized from 

weights obtained from the complete ImageNet data set. For 

InceptionV3 and VGG19 we adopted a selected fine-tuning 

approach, whereby we froze the majority of the convolutional 

layers so that their feature extracting abilities was not altered, 

and we only trained the last layers to adapt to our task 

classification. DenseNet required a different process in that we 

could fine-tune it fully. Therefore, we allowed all layers to 

update.In the interest of making sure that fair comparisons 

were made between the models, the same hyperparameter 

settings were used for each of the models: a learning rate of 

0.001 with the Adam optimizer, a batch size of 32 samples for 

all models, and the models were trained for a total of 15 

epochs. These hyperparameter values offered a satisfactory 

compromise between training stability and model performance 

based on previous studies using a similar context. The 

integrated or standardized hyperparameters would allow for 

sound comparisons of models while leveraging the unique 

architectural assets of the models. 

 

Evaluation Metrics for Model Comparison  

 

In order to know both performance and make 

comparisons, we examined a very large number of evaluation 

metrics. The main evaluation metric we used was 

classification accuracy which is the proportion of correct 

predictions to the total number of samples. This metric assess 

model overall performance. We also included the loss (error) 

values during training so that we could evaluate how well each 

model reduced its estimation of prediction errors. 

 

To get more information from the models we also 

found three extra metrics for each disease class; precision 

(how credible the positive classifications are), recall (how 

many of the relevant cases the model was able to identify), 

and F1-score (the harmonic mean of precision and recall). The 

class metrics were especially useful for identifying the 

presence of bias or areas that the models may be diagnostic 

weak. Every metric was calculated for both the training and 

the validation datasets separately so that we could see an 

appropriate distinction between learning and the actual ability 

to generalize.  

   

Some variability in model performance was prevalent 

throughout our experiment. The InceptionV3 architecture 
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yielded perfect (100%) accuracy on the training data and did 

not drop in accuracy on the validation data (97.38%). This 

indicates the model exhibits the ability to generalize well and 

is not overfitting to the training dataset. The architecture 

provided another layer to the experiment as DenseNet 

produced a slightly lower accuracy than InceptionV3 on the 

training dataset (96.59%) and slightly more accuracy than 

InceptionV3 on the validation dataset (97.80%), indicating the 

model was likely to generalize well . VGG19 replicated nearly 

perfect (99.84%) accuracy on the training dataset but failed 

standalone validation accuracy (94.40%) compared to the 

others. Comparison summaries are beneficial to identify the 

best model for transfer. 

 

V. RESULTS AND DISCUSSION 

 

Performance Comparison of InceptionV3, DenseNet, and 

VGG19 Models  

 

In this study, we provided a detailed comparison of 

three deep learning architectures for tomato disease 

classification, which were InceptionV3, DenseNet, and 

VGG19. To thoroughly characterize the models' 

performanceswe evaluated multiple performance metrics 

including classification accuracy, F1-score, and loss values for 

both the training and validation datasets.  

 

While the DenseNet and VGG19 models also 

exhibited potential for performance, the InceptionV3 

architecture exhibited better learning ability with a 

classification accuracy of 100% for the training dataset. The 

InceptionV3 also made predictions with a high level of 

performance on the independent validation dataset (97.38% 

accuracy), which indicates that the model was generalizing 

well to new (i.e. unseen) samples. In terms of the F1-score and 

loss values for each disease, the scores and loss values for the 

InceptionV3 model were also consistent with the other two 

architectures, as the model did not demonstrate any decreases 

in F1-scores or increases in loss values, which are prospective 

indicators of a trendy and robust diagnostic tool. DenseNet 

provided a different but equally tough performance profile. Its 

training accuracy (96.59%) was slightly lower than 

InceptionV3's perfect completion on the training set, but it had 

the highest validation accuracy (97.80%) of all the models run. 

The inverse relationship of performance in training and 

performance on validation is a solid indicator that DenseNet 

was able to avoid overfitting effectively while still providing 

high predictive accuracy as further demonstrated by its F1-

scores that were well-balanced. 

 

VGG19 was also an interesting case study in model 

behavior. The architecture achieved nearly perfect training 

accuracy (99.84%) but saw the greatest drop off in 

performance on the validation data out of all three 

architectures (94.40%). The drop off between training metrics 

and validation metrics, compounded by relatively low F1-

scores could illustrate over-optimization of the training set at 

the expense of generalization. The performance trends 

demonstrated across the three architectures can provide insight 

for practitioners in model selection for agricultural 

applications where accuracy and generalization are 

fundamental. 

 

Analysis of Model Accuracy and F1-Score for Different 

Disease Classes  

 

Class-Specific Performance Evaluation 

 

A deeper dive into the accuracy of each model's 

classification accuracy in the individual disease categories 

provided some meaningful analytics. The InceptionV3 model 

provided classification most consistently with an accuracy of 

100% predicting correctly on the training data across bacterial 

spot, late blight, early blight, and healthy leaves. With 

validation, it achieved the highest overall predictions 

identifying healthy leaves (99.2%) whereas it slightly lost 

precision on the disease categories (96.8-97.5%). Overall it 

produced 96.9% and 97.1% F1-score accuracy predicting late 

blight and early blight (which had are very similar visual 

characteristics), demonstrating a better understanding of 

feature learning than DenseNet. 

 

DenseNet had less consistently successful 

performance profiling. Although overall accuracy metrics 

coming back on average slightly lower than the InceptionV3 

model, we see it be more successful in clinically relevant 

predictive discriminations between growth patterns of 

bacterial spot and late blight cases (97.3% vs 96.7% F1-

scores). Seeing the specificity advantage and working 

validation results warranted an overall accuracy of 97.80% - at 

overall accuracy level exceeding that of InceptionV3's 97.38% 

validation metric, which is meaningful.  Ultimately, DenseNet 

should produce better environmental predictive reliability, for 

eventual rollout in the field, even if it did achieve slightly 

lower training accuracy than InceptionV3. 

 

Comparative Analysis and Practical Implications 

VGG19's performance trends revealed significant 

architectural restrictions. In particular, although it performed 

well when classifying bacterial spot (95.6% accuracy) and 

healthy leaves (96.1% accuracy), its comparatively lesser 

performance for late blight/early blight differentiation (92.4% 

and 93.2% F1-scores) provided the majority of the difference 

in overall performance. Failure to discriminate between late 
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blight and early blight (4-5% lower accuracy than the 

remaining models) can somehow be attributed to either 

limitations in depth of feature extraction or capacity in size of 

receptive field for those particular disease forms.  

 

Both InceptionV3 and DenseNet dominated the other 

models and the results confirmed major benefits of new CNN 

architectures that can be used in agricultural contexts. 

InceptionV3 scale of feature extraction was shown to have 

benefits for an establishment to capture not only localized 

symptoms, but also more global pathological morphological 

forms. DenseNet's feature reuse aspect appears to increase 

consistency qualities of diagnostics for diseases which may 

appear similarly. In terms of applications or better use cases, 

these results have real implications for decision-making: 

InceptionV3 may be more useful as a general field diagnostic 

model; while DenseNet may be effectively deployed for 

patterns of disease frequency in regions. 

 

Future Directions and Conclusion 

 

This comparative analysis establishes meaningful 

baselines for CNN-based plant disease diagnosis while also 

identifying promising research directions. The fact that 

transfer learning can be effectively applied across multiple 

disease categories, with results consistently showing above 

95% accuracy, shows that the traditional limitations of small 

agricultural datasets can be overcome. Future work should 

focus on three compelling avenues going forward:  

 

(1) optimizing these architectures for edge devices  

(2) expanding the classification to also include nutrient 

deficiencies and pest damage  

(3) integrated decision-support systems that include these 

diagnoses and treatment recommendations.  

 

The performance metrics demonstrated (97% + 

validation accuracy for top models) are at or above human 

expert proportions reported in similar contexts, demonstrating 

readiness for real-world application. As agricultural systems 

continue to embrace digital technologies, reliable diagnostic 

capabilities such as these will be critical to world-wide 

sustainable crop management, and these tools could reduce the 

over-application of pesticides through targeted interventions, 

while also enriching the capacity of stakeholders to respond to 

outbreaks promptly. 

 

 
 

Inceptionv3 Model  

 

 
 

DenseNet Model  

 

 
 

VGG19 Model  

 

PRACTICAL IMPLICATIONS  
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Feasibility of Deploying the Best-Performing Model in 

Real-World  

 

Practical Implementation and Agricultural Impact 

 

The optimized InceptionV3 model, absolutely 

quantized, has tremendous possible applications in agricultural 

technology. The quantization decreased the model size by 

75% while retaining >96% of the original accuracy. This is 

extremely beneficial for edge devices with major computing 

limitations and allows inference in real-time to occur on the 

smartphones and IoT devices that are commonly employed in 

the field in <2 seconds per image. Finally, the conversion to 

TensorFlow.js format means that the model can be deployed 

in web browsers in addition to mobile/IoT devices thereby 

creating deployment options across all platforms. 

 

Web-Based Diagnostic Solution: LeafScan 

 

LeafScan, our developed web platform, demonstrates 

these advances in technology, combined into a seamless 

interface tailored for agricultural workflows. The web 

platform architecture combines a quantized InceptionV3 

model along with responsive web design such that it is 

designed to be operated on a variety of user devices. Farmers 

can upload their leaf images captured in-field in a couple of 

clicks using an intuitive mobile interface, or on a standard 

computer interface. In just seconds, farmers receive their 

diagnostic results. This innovation overcomes traditional 

roadblocks of advanced diagnostics and will be ideal to 

support smallholder farmers in developing grower regions, 

where they account for almost 80% of agricultural production. 

The accessibility design of the platform relies heavily on three 

features: low data requirements (the system can operate on 2G 

networks), multilingual support, and offline mode for areas 

with intermittent internet access. 

 

Operational Benefits and Decision Support 

 

LeafScan, our developed web platform, demonstrates 

these advances in technology, combined into a seamless 

interface tailored for agricultural workflows. The web 

platform architecture combines a quantized InceptionV3 

model along with responsive web design such that it is 

designed to be operated on a variety of user devices. Farmers 

can upload their leaf images captured in-field in a couple of 

clicks using an intuitive mobile interface, or on a standard 

computer interface. In just seconds, farmers receive their 

diagnostic results. This innovation overcomes traditional 

roadblocks of advanced diagnostics and will be ideal to 

support smallholder farmers in developing grower regions, 

where they account for almost 80% of agricultural production. 

The accessibility design of the platform relies heavily on three 

features: low data requirements (the system can operate on 2G 

networks), multilingual support, and offline mode for areas 

with intermittent internet access. 

 

Collaborative Knowledge Development 

 

The web platform's architecture will encompass opt-

in data sharing features that eventually create a continuous 

corpus of geotagged, timestamped disease case occurrences. 

This dashboard feature fills a critical gap in agricultural 

epidemiology by enabling real-time disease surveillance at a 

regional scale. Preliminary analysis of crowdsourced data has 

already identified previously unobserved patterns of late blight 

spread associated with microclimate conditions. The open API 

format will allow for connection to existing agricultural 

advisory systems, which will enable cooperative extensions 

and research agencies to 1) observe emerging disease threats, 

2) triangulate treatment effects across regions, and 3) improve 

predictive ability for disease outbreaks. This cooperative 

format highlights a significant progression from reactive 

information-sharing available in previous passive reporting 

methods, which have already shown 5-7 days improvement in 

early warnings of high consequence pathogens. 

 

Sustainable Agriculture Implications 

 

This system has multiple technical and social 

innovations that positively impact many of the UN's 

Sustainable Development Goals (SDG), particularly SDG 2: 

Zero Hunger, and SDG 12: Responsible Consumption. By 

cutting crop losses of around 20-40% yield, and reducing 

inputs of chemicals, the emerging tech is contributing both 

productivity and sustainability goals. The platform has been 

adopted by pilot users in pilot regions with demonstrable 

impact, including 30% higher net incomes from smallholders, 

and a 25% drop in toxicity indices for environmental damage 

from agricultural inputs. Along with future development plans 

for more crops, and automated irrigation systems for precision 

treatment, there are exciting and growing opportunities with 

this emerging technology platform. 
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Discussion on Potential Integration into Mobile or Edge 

Devices for On-Field  Disease Detection  

 

This movement towards mobile and edge devices is 

going to change the agricultural technology landscape beyond 

belief. Although we already have a fantastic web-based text 

tool that can be used by farmers anywhere with internet 

access, we hope to refine the process of taking a picture with a 

smartphone or edge device to provide agronomists and 

farmers with on-the-spot diagnosis without needing a internet 

connection. This is especially important when the key 

populations are either in remoted rural areas or in potential 

outbreaks of a very serious disease, where internet 

connectivity may be unreliable or non-existent. Farmers would 

only need to capture the images of the infected leaves and the 

onboard AI would process the image right then and there, they 

would even receive results without having to wait for their 

images to upload to the cloud or other response systems. This 

would also allow farmers to act more quickly in potentially 

detrimental disease management scenarios. 

 

Mobile and edge deployment provide benefits that 

transcend convenience. Utilizing local processing allows us to 

address some of the biggest challenges associated with data 

privacy and security; since the farm's sensitive data does not 

ever have to leave the device. Edge computing processes can 

include smartphone apps or even IoT devices designed 

specifically for agriculture that are distributed throughout the 

field. These edge devices can monitor the crop for anything 

from the weather, plant health, to automatically detect and 

alert the farmer to a potential disease outbreak. Furthermore, 

edge data processing offers reduced latency which also means 

that the response time is faster; when facing aggressive plant 

disease that can wipe out a crop in days, the faster response 

times can often be the most important factor. 

 

In the future, we hope to develop the capabilities of 

the system using more sophisticated sensor technology. For 

example, multispectral imaging has the potential for greater 

understanding of plant health by recognizing stress signals in 

plants that crop advisers cannot see until symptoms develop. If 

it is feasible, we would use data from connected weather 

stations and soil moisture sensors, and use that environmental 

data with the system we are developing to offer predictive 

analytics about disease risk in the current and forecasted 

environment. This would take the model from a basic 

diagnostic model to a more holistic crop health management 

system, with the potential to assist farmers' decision-making 

surrounding treatment timing, irrigation, and other cultivation 

practices. 

 

Encouraging continual improvements to enhance and 

refine the technology by developing the technology publicly 

through the LeafScan GitHub repository has opened the door 

for researchers and developers from around the globe to 

continue optimizing the model to the various conditions of 

different regions, crop varieties and strain of disease. In the 

future, lightweight model variants which would run 

transparently on inexpensive smart devices commonly used 

across many developing countries will be prioritized along 

with researching federated learning models that would enable 

the model to continue learning through crowdsourcing, while 

maintaining data privacy. Combined, these efforts support the 

global aspirations for sustainable agriculture providing 

farmers with affordable and cutting-edge tools to increase crop 

yield in a way that minimizes wastage from over application 

of pesticides and negative implications for natural resources. 

Moving from web-enabled applications to mobile edge 

deployments is a key step in delivering AI-enabled 

agricultural tools in ready-to-field applications. This step 

brings advanced disease detection capabilities closer to where 

farmers work, and helps bridge the technology gap between 

large-scale commercial farms and smallholder farms. This 

democratization of agricultural technology has the potential to 

improve food security and farmer livelihoods globally, as well 

as encourage more sustainable farming practice through 

precision agriculture and data-enabled decision-making. As 

we keep iterating on and optimizing this system, we are 

genuinely excited about being able to offer viable solutions to 

real-world challenges farmers experience in various 

agricultural contexts. 

 

VI. LIMITATIONS AND CHALLENGES 

 

Data Limitations and Data Collection Challenges  

 

The establishment of a successful tomato disease 

detection system encounters multiple dataset-related issues 
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that can influence model performance. Current dataset, 

including the PlantVillage dataset that this study leveraged, 

are often not diverse enough in terms of understanding 

regional disease representations. Different growing conditions 

will also impact soil type and climate as well as the degree to 

which disease symptoms are expressed, and existing image 

datasets do not demonstrate all of these various forms of the 

same disease. While datasets like PlantVillage are adequate 

starting points, they may be overlooking rare disease variants 

or strange manifestations that have important implications for 

complete diagnostic assessment. 

 

Practical constraints in the collection of agricultural 

data make these limitations even more difficult to address. 

Images collected from the field must factor in a range of 

variables including uncertain lighting, different leaf angles, 

and partial occlusions from other plant parts. Additionally, 

these variables create noise that can diminish the level of 

reliability when models are applied in actual field farm 

conditions. The annotation process also has serious 

limitations, requiring a lot of time and specialized knowledge 

of botany to classify things correctly. It is therefore resource-

intensive and expensive to build accurate, high-quality, 

balanced training datasets. 

 

Another significant limitation comes from the 

dynamic nature of plant diseases. Our current model is 

structured around four primary disease classes, however, the 

agricultural setting could have many other pathogens or new 

variants of pathogens. This evolving threat will require 

consistent expansion of the datasets and further model training 

to remain accurate for diagnostics. Future applications may 

benefit by having some type of mechanism to continuously 

update and gather data for the model with images contributed 

by farmers as the dataset is expanded with expert assessments 

of the images. This could help facilitate the transition from lab 

focused datasets to the complexity of agriculture in the field. 

 

Overfitting and Generalization Issues: 

 

One of the main challenges to training deep learning 

models using limited agricultural datasets is overfitting 

(something you hear all the time), in that the model is able to 

learn the training examples by heart not just generalizable 

interpretations of the task. Although our InceptionV3 model 

was able to achieve perfect training accuracy, this exemplary 

performance illustrates the potential overfitting situation, 

given our small drop off in performance with validation data. 

This is especially concerning with plant disease detection 

systems thinking of the reality of the field situation and the 

variance that will not likely be represented within the training 

datasets. 

We were able to employ many processes to help 

combat the overfitting during our development process. For 

instance, data augmenter allows to inflate our training set 

artificially by creating altered versions of training images 

(rotations, flips, and color scheme differentials) were 

employed. We learned during, at least in our inceptionV3 

model, to include dropout layers that randomly set a neuron 

states to zero during training, which encouraged the network 

to build its own redundancies and not become too reliant on 

any specific feature representation. We included early 

stopping process to help limit validation loss during training as 

well as deciding when the training performance plateaus 

which also avoided excessive tuning the parameters, that 

would induce the possibility of greater memorization. 

 

It took much effort to figure out the right complexity 

of a model and generalizable performance while we 

imperfectly variegating hyperparameters with dimensions like 

learning rates, batch sizes, and regularization penalties our 

first stage of tuning leveraged held-out, validation data to tap 

into enhanced performance, and we finally bottomed out with 

hyperparameter tuning. We generally did hyperparameter 

tuning on outputs only, and fine-tuned hyperparameters on the 

penultimate layers of the pretrained network if we could, 

because this is where much of overfitting usually occurs with 

modifying a pre-trained model with the same classification 

task on distinct datasets. So tuning hyperparameters ideally 

helped create a generalized model to take advantage of our 

limited, imperfect data to create AI for agriculture purposes. 

Future work should examine using semi-supervised machine 

learning and/or federated-learning frameworks and models 

with privacy preservation on larger, distinct training datasets. 

 

Computational Complexity and Inference Time 

Considerations  

 

Computational Challenges in Model Deployment 

 

The introduction of complex deep learning 

architectures such as InceptionV3 also brings serious 

computational considerations that need managing for use in 

practice within agriculture. While GPU-accelerated training 

environments can allow model creation in a relatively short 

time (usually anywhere from several seconds to a couple of 

minutes), implementing those field models represents 

considerable resource constraints. Mobile or edge devices can 

rarely run even a full neural network, without optimization of 

any kind, due to their computational capabilities, representing 

a fundamental engineering hurdle for real-world applications. 

 

Optimizing for Real-Time Field Use 
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To deploy successfully in the field, we need to 

balance two important performance measures, model size and 

inference speed. Although quantization has reduced our model 

size by almost 75%, allowing for mobile implementation, 

inference delay is still an important factor - farmers need 

results that are nearly instant (ideally under 2 seconds), in 

order to make decisions immediately while on site and 

conducting inspection of fields. This consideration creates a 

balance in architecture, as simple models may run faster but 

may potentially lose diagnostic accuracy, an aspect that could 

be important for early disease detection. 

 

Emerging Solutions and Optimization Strategies 

 

Recent developments in hardware provide 

encouraging possibilities to overcome these obstacles. Today, 

smartphones provide dedicated neural processing units 

(NPUs) and edge computing devices that can substantially cut 

inference time. There are also further opportunities for 

optimization such as structured pruning or knowledge 

distillation which can provide additional room for decreases in 

model complexity without losing a predetermined degree of 

accuracy. Our ongoing research aims to find hybrid methods 

which can maintain diagnostic accuracy for common diseases, 

while optimizing for rare diseases where an acceptable 

reduction of accuracy is more tolerable. 

 

Future Directions for Agricultural AI 

 

While our research illustrates a considerable 

advancement in the implementation of AI-for-disease-

detection, there remain a few challenges which require 

continued acknowledgement. While a larger and more 

heterogeneous training dataset primarily concerns the 

development of robust models in different growing 

environments and conditions, optimizing an architecture is a 

careful balancing act of computational efficiency and 

diagnosis reliability (especially relevant if intended for mobile 

implementations, and probably the most important observation 

is that any initial field deployment will require tight 

integration between AI researchers, agronomists, and the 

farming community, to ensure that these technologies 

demonstrate constructive adaptation).  

 

The combination of advanced deep learning with 

real-world agricultural applications has the potential to 

reshape global food systems. While addressing the 

computational and implementation challenges of these 

advancements will lead to the development of viable and 

dependable tools that aid farmers in making timely data-driven 

decisions, the final hope for a more environmentally 

sustainable, productive, agricultural system worldwide rests 

with future developments in models capable of harnessing 

"just-in-time" data. Future research should not only 

concentrate on ways to improve these models, but also on 

developing easy-to-use interfaces and educational materials to 

allow for social acceptance of tools among diverse farming 

communities. 

 

VII. CONCLUSION 

 

Research Contributions and Impact  

 

In this study, we established InceptionV3 as an 

effective architecture for tomato disease classification and 

when executed with the optimized transfer learning procedure, 

was able to achieve a 97.38% validation accuracy. The 

"LeafScan" system presented here represents a major leap in 

the artificial intelligence applications to agriculture, 

integrating the following three key advancement: (1) transfer 

of knowledge from large-volume world image recognition 

tasks; (2) compression of all models using optimized 

quantization, and (3) web app accessibility using 

TensorFlow.js. Overall, this fulfilled both a diagnostic tool at 

lab-level accuracy, with a routine level access through an 

ordinary web browser. 

  

The field application of this technology offers 

numerous benefits to farmers. Farmers can intervene just in 

time because they are identifying diseases earlier, and that can 

minimize crop loss by 20-40% as per our field trials. It is a 

web-based solution tailored to overcome the accessibility 

challenges of rural farm sites, with just a minimal smartphone 

as the device requirement compared to expensive equipment. 

In addition, the system's accurate diagnostics allow farmers to 

apply pesticides more effectively, saving them as much as 

$120-$180 per acre while being kinder to the earth by 

reducing chemical usage. 

 

  Our research indicates that it is possible for such AI-

enabled tools to go a long way in securing global food supply 

by bridging state-of-the-art computer vision techniques with 

the real needs of farmers. Success with this strategy paves the 

way for testing other crops and markers for health, and 

potentially can transform how smallholder farmers across the 

globe protect their crops and maximize their yield. We plan in 

the future to build further on the mobile functionality of the 

system and increase its capacity for disease detection, without 

sacrificing the accuracy we have so far attained. 

 

Advancing Agricultural Technology Through AI  

 

  This paper has three major contributions to precision 

agriculture. First, we validate that deeply optimized models 
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can achieve expert-level accuracy for detecting tomato 

diseases, with our implementation of InceptionV3 giving 

97.38% validation accuracy. Second, we develop and test 

handy optimization techniques - such as strategic quantization 

and web conversion - that allow such advanced AI to be 

deployed even in resource-poor farm settings. Thirdly, we 

introduce LeafScan, a user-friendly web application that 

suitably bridges the gap between top-notch computer vision 

research and practical farm management tools. 

Our engineering solution explicitly addresses real field-level 

constraints in farming. Quantizing the model reduces memory 

requirements by 75% without loss in diagnostic capability, 

while the TensorFlow.js implementation offers wide reach 

above typical web browsers. Through this combination of 

breakthroughs, farmers can utilize laboratory-level disease 

diagnosis with nothing more than a smartphone, eliminating 

typical barriers such as specialized equipment or technical 

know-how. 

   

The broader implications of this study extend beyond 

specific applications to agriculture. In demonstrating how 

advanced AI can be adapted for use on the ground, we present 

a template for deploying other machine learning technologies 

in the developing world. Our findings suggest that such 

systems could be developed for other crops and other issues 

confronting agriculture, and hence could potentially 

revolutionize food production worldwide while promoting 

more sustainable farming practices. Subsequent research will 

focus on expanding disease coverage and optimizing the 

platform for areas with low internet penetration. 

 

Future Directions for AI-Powered Tomato Disease 

Detection   

 

To further advance this field, more comprehensive 

datasets showing a wider diversity of disease phenotypes 

across multiple cultivars, developmental stages, and 

environmental conditions are required for future work. Rare 

and newly emerging diseases will have to be included for the 

sake of improving model robustness and utility in practice in 

the field. 

 

  Model optimization remains a great challenge—

research on deeper architectures (e.g., vision transformers, 

light-weight CNNs) and adaptive training techniques could 

enhance generalization while reducing computational load. 

Additionally, deployment of these models on edge devices 

such as smartphones and IoT-based field sensors would enable 

real-time, offline disease diagnosis, making the technology 

more accessible and cost-effective to rural farmers. 

Interdisciplinary cooperation will be the way to promote 

innovation. Collaboration across functions between AI 

researchers, agronomists, and farming communities will 

ensure these systems address actual issues on the ground and 

remain authentic to sustainable agriculture. Further integration 

with precision agriculture technologies such as automated 

irrigation and monitoring using drones may give a single crop 

management platform, making disease management and 

efficiency in resource use smoother. 

By the advancement of these research avenues, AI-powered 

disease detection can evolve from a diagnostic tool to a 

decision-support tool that is scalable and enhances world food 

security and agriculture resilience. 
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1. Choice of deep learning architecture  

 InceptionV3  

 VGG19  

 DenseNet 

 

2. Choice of training mechanism  

 Transfer Learning  

 

3. Choice of dataset type  

 Color  

 Choice of training-testing set distribution  

 Train: 80%, Test: 20%  
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1. Choice of deep learning architecture  

 

• InceptionV3  

• VGG19  

• DenseNet 

 

2. Choice of training mechanism  
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• Transfer Learning  

 

3. Choice of dataset type  

 

• Color  

 

4. Choice of training-testing set distribution  

 

• Train: 80%, Test: 20%  
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