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Sustainable Plant Pathogen Detection: Balancing
Accuracy and Energy Efficiency in Deep Learning
Models

Aishwarya Bediskar
x23144441

Abstract

In the realm of sustainable agriculture, accurate and energy-efficient plant patho-
gen detection is crucial for crop health, environmental sustainability, and economic
viability. This study investigates sophisticated machine learning methods for the
identification of plant pathogens from images, with a particular emphasis on deep
learning models such as DenseNet121, VGG19, and Convolutional Neural Networks
(CNN). In order to maintain environmental sustainability, I built and assessed these
models to determine their accuracy in diagnosing plant illnesses as well as their car-
bon footprint. A dataset consisting of 2,025 photos that were classified as bacteria,
viruses, fungus, healthy, and pests was used in the study. According to the res-
ults, DenseNet121 performs better than CNN and VG(G19, obtaining the maximum
accuracy of 98% with the least amount of loss (0.068). DenseNet121 is the most eco-
logically friendly model as it also shows the lowest carbon emissions. DenseNet121
has a rather low carbon emission of 0.0003 kg CO2 per epoch, proving the efficiency
of the model for large-scale applications in precision agriculture. The results depic-
ted DenseNet121 as the most reliable and greenest among the models studied.

Keywords- Plant Pathogen Detection, Deep Learning, Energy Efficiency, Car-
bon Footprint, Sustainability

1 Introduction

Plant pathogen detection has become a critical focus area in sustainable agriculture, de-
manding accuracy and efficiency, because it guarantees crop health, lowers disease-related
losses, and uses less harmful pesticides, all of which support environmental and financial
sustainability. Early response and efficient treatment of plant diseases depend on accur-
ate diagnosis. There is a lot of opportunity to improve detection accuracy and response
times by integrating advanced machine learning and transfer learning models into this
domain. But these models are quite challenging, especially when it comes to how much
power they need for RAM, GPUs, and CPUs. As agriculture sector moves towards pre-
cision and digital farming, it is necessary to develop pathogen detection systems that are
not only effective but also sustainable in terms of energy usage.

The significance of energy efficiency is highlighted by the growing dependence of plant
pathogen detection models on high-performance computational resources. Because of



their capacity for parallel processing, GPUs are essential for managing complicated cal-
culations, but they also use a lot of energy. In the same way, the constant use of CPUs and
RAM for model training and inference raises the total energy load. To mitigate these ef-
fects, sustainable computing methods are essential. These practices include the adoption
of optimised model designs, effective training algorithms, and real-time power monitoring.

Deep learning technologies have made image processing and categorisation easier to
manage and have produced improved accuracy results. Deep neural networks (DNNs)
have shown ground-breaking efficacy in a number of tasks that were previously thought
to be unachievable in recent years|LeCun et al. (2015)); Alom et al. (2019). It costs a lot of
money to train a DNN effectively on a big number of samples. The energy consumption
of machine learning training tasks rises with the length of the model training period.
Because high-performance GPUs are frequently used to train DNN workloads yet are
less energy-efficient than their CPU equivalents, this is a significant challenge for them.
Therefore, it is imperative to lower GPU energy usage when training machine learning
workloads. Reaching this objective will enable consumers to train larger models for the
same amount of money and lower maintenance costs.

1.1 Research Questions and Objectives
1.1.1 Research Questions:

1. How to develop a plant pathogen detection model from images which has high
accuracy?

2. How to ensure that the plant pathogen detection model works and has a low carbon
footprint?

3. How to strike a balance between accuracy and energy efficiency of such models?

1.1.2 Objectives:

The primary objectives of this research are:

e Develop an Accurate Plant Pathogen Detection Model: To develop a high-
accuracy machine learning model for plant pathogen identification from photos that
would enable early and accurate diagnosis and promote sustainable agriculture by
lowering crop losses and the requirement for dangerous chemicals.

e Minimize the Carbon Footprint of Detection Models: To guarantee that
the plant pathogen detection model runs with a minimal carbon footprint, energy
efficiency in computational procedures and the application of sustainable computing
techniques are crucial.

Deep Learning Models are becoming increasingly important for efficient disease identi-
fication as agricultural technology moves towards more automated and accurate systems.
These models provide better accuracy and efficiency by utilising powerful GPUs and
large amounts of processing power. However, there is an environmental cost associated
with these technologies’ energy requirements. The total greenhouse gas emissions of the



detecting systems are directly impacted by the carbon footprint associated with the op-
eration of GPUs, CPUs, and RAM.

The concept of carbon footprint is essential, when evaluating and controlling the en-
vironmental effect of many activities such as agricultural advancements in technology.
The whole amount of greenhouse gas (GHG) emissions from an entity’s activities or pro-
cesses is measured by its carbon footprint, mostly from carbon dioxide (CO) but also from
methane (CH) and nitrous oxide (NO). This parameter is becoming more important in
the area of plant pathogen detection since machine learning algorithms require a large
amount of energy to train and implement.

Several crucial methods are involved in integrating carbon reduction measures into
the creation and use of machine learning models:

e Optimising Model Efficiency: In order to minimise computing resources, en-
ergy consumption and related emissions, it is possible to develop lightweight model
structures and energy-efficient methods.

e Implementing Sustainable Computing Practices: Machine learning oper-
ations may drastically reduce their carbon footprint by utilising energy-efficient
hardware, enhancing power management, and integrating renewable energy sources
to power data centres.

e Monitoring and Reporting: Building up reliable systems for constant assess-
ment and modification of activities to reduce environmental effect is made possible
by the real-time tracking of energy use and carbon emissions.

Al Carbon Footprint

*[02 emissions footprint [000s lbs)

1 Al Training
[NAS)

US car
(Avg. 1 lifetime)

Human Life Eﬂ
[Avg. 1 year) . 11.0% §§ E

Air Travel . z‘ %

126.0*

*
from NY to SF e
(1 passenger]

Figure 1: AI Carbon Footprint yahoo.com| (n.d.)




2 Related Work

Sustainable plant pathogen detection is becoming more crucial as the agriculture sector
finding out to balance technological advancements with environmental responsibility. In
order to find out the model which takes lower energy consumption of RAM, GPUs and
CPUs in plant pathogen detection, this paper focusing on advanced machine learning
techniques which is more sustainable.

In this study, researcher Yadav et al.| (2024) compares three of the most powerful
convolutional neural network (CNN) architectures—VGG16, VGG19, and ResNet—in
general for the classification of leaf diseases, with a focus on black rot, ESCA, leaf blight,
and healthy leaves. This study examines the capacity of the algorithms to accurately
identify the illnesses from the visual symptoms using a very large dataset of grapevine
leaf photos collected from various locations. Based on the study findings, it is evid-
ent that the ResNet model outperforms its competitors with an exceptional accuracy
of 95%. VGGI19 and VGG16 follow closely behind with 93.5% and 92%, respectively.
These findings highlight the effectiveness of deep residual learning and the significance of
architectural depth in guaranteeing CNN accuracy for tasks involving the categorisation
of plant diseases.

Arathi and Dulhare| (2023)) In this paper, in order to detect plant diseases, CNN is util-
ised for feature extraction. There is a problem with these conventional CNN algorithms’
accuracy. The experimental findings shown that the pre-trained DenseNet-121 model,
which is the suggested model, can categorise various leaf pictures in the dataset with a
better classification accuracy of 91%. With the use of ImageNet weights, this transfer
learning method can effectively identify cotton plant illnesses.

Rithik P et al.| (2023) In the proposed study, transfer learning based on the Con-
volutional Neural Network model VGG-19 is used for predicting the classes of illnesses.
This can help reduce yield losses by up to 30% if the identification of illness is done
early. Low-level spatial information can be retrieved using CNN-based models such as
VGG-19. The VGG-19 was pre-trained using the CIFAR 100 dataset and the ImageNet
dataset, which has more than a thousand classifications. It achieves an accuracy of 94%
for VGG-19.

The study carried out by J. Chen et al. is among the studies connected to transfer
learning in the field of plant pathology. The plants under study were rice and maize
Chen et al.| (2020b). The study’s findings show that, in situations with extremely com-
plicated object backgrounds, their suggested model achieves an average accuracy of 92%.
The identification of abnormalities in millet may also be resolved with the use of trans-
fer learning (Coulibaly et al| (2019). An accuracy of 95%, precision of 90.50%, recall
of 94.50%, and fl-score of 91.75% are obtained from the identification results using the
created model. The application of transfer learning to improve both the quality and
quantity of production in the field of plant pathology is still the subject of several re-
search Thenmozhi and Reddy| (2019); |Aravind et al.| (2019); |[Kamal et al. (2019). In order
to categorise abnormalities discovered in potato leaves, researchers in this work also want
to employ transfer learning from a trained CNN architecture, such as VGG-16.



Wang et al| (2022) This paper tackles the growing energy requirements of contem-
porary models by introducing an online GPU energy optimisation framework (GPOEO)
for machine learning workloads. GPOEQO dynamically optimises energy setups by util-
ising GPU performance counters in conjunction with an analytical model to significantly
reduce profiling overhead. To balance execution time and energy usage, the framework
makes use of local search algorithms and multi-objective prediction modelling. Test res-
ults reveal that, as compared to NVIDIA’s default scheduling, GPOEO provides a 16.2%
mean energy savings with just a 5.1% increase in execution time.

Priya et al. (2023) In this study researchers discuss the substantial greenhouse gas
emissions from India, along with the anticipated rise in emissions in spite of attempts to
reduce them. The authors focus on the carbon footprint which is essential and effectively
tackle climate change. They draw attention to India’s pledge under the Paris Agreement
to cut its carbon GHG emission intensity by 33-35% by 2030. The study also looks at
machine learning models and IoT devices used to monitor and forecast greenhouse gas
emissions in real time. Birch and LSTM models are used to analyse the environmental
conditions of the present and the future.

Huang and Mao (2024) This paper suggests a thorough framework for analysing, op-
timising, and tracking carbon footprints at different supply chain stages using artificial
intelligence. The suggested method collects, processes, and analyses enormous volumes
of data about carbon emissions, including industrial and transportation, using Al al-
gorithms. The framework identifies important areas for emission reduction and creates
plans to minimise environmental effect while preserving operational efficiency by util-
ising machine learning and optimisation approaches. This strategy facilitates proactive
decision-making through real-time monitoring and predictive analytics, enabling busi-
nesses to swiftly adjust to shifting market dynamics and environmental requirements.
The use of artificial intelligence (AI) not only improves the precision and dependabil-
ity of carbon footprint evaluations but also offers insights for ongoing development and
monitoring sustainability performance.

3 Methodology

3.1 Data Acquisition

The dataset utilised in this work was gathered from the Kaggle website and is openly
accessible to everyone KaggleLink (n.d.). 2,025 photographs total from this collection
were gathered for plant pathogen categorisation. The five classifications that make up the
plant pathogen dataset are: Bacteria, Viruses, Fungi, Healthy and Pests. The collection
includes a variety of images of plant leaves that have been impacted by various diseases.
Every image in the collection shows a leaf of a plant, either healthy or diseased. To
accurately identify the illness on the leaf, proper labelling will be utilised. A number of
methods, including Transfer Learning and Convolutional Neural Networks, will be used
to identify plant diseases. The example leaf photos from the collection that are infected
with different diseases are shown below, along with a table that display the number of
images for each class in the plant pathogen dataset.
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3.2 Data Preprocessing

The preprocessing stage involves a number of transformations applied to the image data-
set in order to prepare it for model training. Following dataset import, photos are initially
scaled up to a standard target size. To make sure that every image is in the same pro-
portions, which the neural network needs. Following that, the pixel value for a picture is
divided by 225 to normalise to a range of 0 or 1, which expedites the training procedure
and improves the performance of the model.

The dataset is split into 80-20 training testing, make sure the model is trained on one
part of the data and verified in another. Categorical labels are converted into numbers
by encoding the labels suitable for classification tasks. Finally, once the data has been
scaled propagated however it needed to be predicted for the neural network using training
and test splits. This preprocessing pipeline ensures the input data is how best it could
be used during training to further support model performance.

3.3 Data Modelling

In the data modelling phase, I implemented VGG19, DenseNet121 and Convolutional
Neural Network (CNN) to classified plant pathogen images into five disease categories.
Pixel values were normalised, and images were scaled to 64x64 pixels as part of the
dataset preparation. I improved the model’s generality by adding flipping, rotating,
shifting, and zooming to the training set. Global average pooling, dropout, and batch
normalisation were used in the model’s construction to reduce overfitting. Categorical
cross entropy loss function and Adam optimiser were used to put the method together.
For adjusting the learning rate and preventing overfitting, I employed callbacks such as
ReduceLROnPlateau and Early Stopping. A batch size of 64 was used during the model’s
50 epochs of training. Final performance indicated how well the model distinguished
between different pathogen types. Evaluation measures included loss and accuracy on a
different validation set.

3.4 Model Evaluation

Model evaluation will assist in determining the model’s actual capacity to provide the
intended result. In the evaluation step, several important indicators were added in the
assessment of plant pathogen detection algorithm to guarantee its accuracy and robust-
ness. A thorough breakdown of the right and wrong predictions made in each of the five
classes was provided via a confusion matrix. I also plotted accuracy and loss throughout
the training process, plotted these metrics to see the learning curve and identify any signs
of overfitting or underfitting.

3.5 Carbon Emission Analysis

Once the model has been evaluated, I calculated the energy usage of the RAM, GPUs, and
CPUs utilised for training and inference to assess the model’s environmental effect. The
carbon footprint of the model is then evaluated by estimating the related CO2 emissions.
This stage emphasises how crucial it is to take sustainability into account while working
on machine learning models.
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Figure 4: Design Specification for Plant Pathogen Detection

Figure presents the detailed workflow of the plant pathogen detection project.
Part 3| provides specifics on the preliminary steps, which include data collection, data
preprocessing, and data splitting. For model training, validation, and assessment, the
next steps entail using Transfer Learning and Deep Learning algorithms, as described in
section [f] To guarantee both precision and energy economy in pathogen detection, the
project closes with a result analysis and carbon footprint evaluation.

5 Implementation

A system with a 2.30 GHz 12th Gen Intel(R) Core(TM) i7-12700H, 16 GB of RAM, 6 GB
Nvidia GeForce RTX3060 graphics card, and 512 GB SSD storage is being used for this
research. Given the complexity of processing pictures with the above architectures, this
system configuration is appropriate for the research since it requires a significant amount
of computational power to run CNN, DenseNet121, and VGG19 models and process
images. Python programming language is used to create code, and Jupyter Notebook is
the tool used to run the code with a separate environment established for the project with
needed libraries so that there is no issue of other conflicting libraries in the environment.
This section will go into great depth on the implementations and assessments of the
specially-made optimised CNN, DenseNet121, and VGG19.

5.1 Implementation of CNIN Architecture

CNN, commonly known as the CovNet method, falls under DL to identify plant diseases
LeCun et al| (2015). Thus, deep learning, often known as DL LeCun et al| (2015), is
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a subfield of artificial intelligence (AI) in which a computer or system imitates human
behaviour and the process by which people learn.

According to the labels, the preprocessed and altered images that are kept in the train
and test folders are read and saved with a 150 pixel image size in this CNN architecture.
Because the validation set is sufficiently large, it is used at a ratio of 0.2 for the training
set.

e Input Shape: The input data has a constant shape of (150,150,3), with three
channels since the image is coloured. This shape was decided after examining how
various picture dimensions affected the model’s performance.

e Convolutional Layer: There are four convolutional layers in the CNN architec-
ture. To maintain the input dimensions, the first layer has the ‘same’ amount of
padding. The first two levels employ 32 filters, each measuring 3x3. The third
layer has the ‘same’ amount of padding, whereas the next two levels employ 64
filters of size 3x3. MaxPooling2D is performed after the second layer to minimise
spatial dimensions, while the activation function ‘relu’ is employed throughout to
add non-linearity.

e Pooling Layer: Max pooling is used to try to minimise overfitting in any scenario,
and it will also assist to shorten the total amount of time the model runs. In order
to capture the most important aspects of the picture, a stride size of two is used
here.

e Rectified Linear Unit Activation Function(ReLU): ReLU is being utilised
to increase the model’s ability to comprehend images. In order to transform the
current negative values to zero and eliminate their influence, ReLLU is also employed
to maintain the resultant output at non-zero values. Early stages will also gain from
learning important information throughout the network’s backpropagation.

e Flatten Layer This layer is used to create a flat array from the n-dimensional
array output seen above. The input for the following layer will be this array that
has been flattened.

e Fully Connected Layers: There are two fully connected layers at the end to ob-
tain the prediction as either diseased or healthy. In the initial fully connected layer,
512 neurones are employed, and inconsistencies are eliminated using ReLLU. Each
layer is generated as a matrix by multiplying the input layer by the weights, which
are once again determined dynamically in both levels based on the information that
is provided to them.

e Adam Optimizer: Its ability to manage sparse gradients on photos with noisy
data has led to the employment of this optimiser.

Above layers include various tunable parameters, a cross entropy function to assist
eliminate minute mistakes, and an early stopping feature to enable the model to halt the
process if the validation scores did not increase. Several runs of the model have been
conducted with varying batch size settings (32, 64, and 512), optimiser functions, input
picture sizes, and weight and bias calculation methodologies.
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5.2 VGGI19

The VGG 19 model developed by the Visual Graphics Group at Oxford has been one of
most impactful Convolutional Neural Network (CNN) architecture opengenus| (n.d.). It
has 19 layers with trainable weights, and is deeper than its predecessor VGG16. VGG19
is trained on more than a million images from the ImageNet database, and can distin-
guish between 1000 different categories of objects. It is a simple and effective model
of architecture where it applies small 3x3 convolution filters throughout the network
in general, along with layers for spatial mass reduction such as max-pooling stratum
which repeatedly shrinks by 2 times. Because the VGG19 architecture is praised for its
balance between depth and computational efficiency, it has become a popular option to
fine-tuning pre-trained models |geeksforgeeks| (2024)).

The VGG19-based model leverages a pre-trained VGG19 network from Keras, drop-
ping its top layers and use ImageNet-trained weights. The input shape is set to (150,
150, 3). To operate as feature extractors, all of the basic model’s layers are frozen. The
expanded model consists of a dropout layer (0.3), flattening, and dense layers of 512, 256,
and 128 units using ELU activation. Five units with softmax activation are present in the
output layer for categorisation. In order to avoid overfitting, the model is trained with
early stopping and constructed using the Adam optimiser and categorical cross-entropy
loss.
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Figure 6: VGG19 Architecture Nguyen et al.| (2022)

10



5.3 DenseNetl121

DenseNet, also known as the Dense Convolutional Network, is a noteworthy development
in deep learning techniques. This approach uses a convolutional procedure, which enables
more in-depth picture analysis and a quicker image recognition computation process. As
a transfer learning model, DenseNet121 integrates pre-trained models learnt using large
datasets like ImageNet and C. DenseNet121 transmits the output feature map from the
previous layer to the next input layer by connecting each convolutional layer to the one
after it, a technique known as a dense block |Chen et al.| (2020a)).

In the implementation of DenseNet121 model, DenseNet121 is used as a feature ex-
tractor using pre-trained ImageNet weights in the architecture of the DenseNet121 model,
excluding the top classification layer which is not being used in the implementation. The
DenseNet121 backbone is added to this model after a convolutional layer with three filters
and a 3x3 kernel size. The output is subjected to global average pooling by following
batch normalisation and dropout for regularisation. Afterwards a fully linked dense layer
with 256 units and ReLLU activation comes a batch normalisation and dropout layer.
There are 15 units in the final output layer that have a softmax activation function for
multi-class classification. Categorical crossentropy loss and the Adam optimiser are used
to construct the model, and data augmentation approaches are used to train it to increase
generalisation.
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Figure 7: Full schematic representation of DenseNet-121 [Ruiz| (2018)

5.4 Carbon Footprint

In the implementation of carbon emission, CodeCarbon Library is used for measuring
carbon emission during a machine learning model is being trained. EmissionsTracker
class starts first by initializing and then starting before fitting the model to the training
set of data. The tracker does the tracking of CO2 emissions as the model trains, with
its performance evaluated every epoch and modified. Finally, when the training is done,
the tracker stops and computes the total amount of CO2 emissions. The number of
epochs in the analysis of the emissions data is used to obtain the average per epoch by
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dividing the total amount by epoch size. The data is presented graphically on a plot,
where the emitted values for every epoch are constants. The graph represents the CO2
emissions related to model training visible shows in section [6, which helps to comprehend
the understanding the environmental effect of machine learning processes is made easier
by the map, which shows the CO2 emissions linked to model training. This method aids
in measuring and evaluating the sustainability of computational techniques.

6 Evaluation

6.1 Evaluation for CNN

The accuracy graph indicates how well the model is learning and if there is any overfitting.
The graph represents how the model’s validation and training accuracy changed across
epochs. The model’s training and validation loss trends are displayed on the loss graph,
which makes it easier to see how effectively the model is converging and generalising.
Increased accuracy and reduced loss during the training time usually signal the proper
fine-tuning of the model, it means that those during the training period the model will
become more accurate and have lower loss at the end.
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Figure 8: Model Accuracy and Loss for CNN

The model’s performance is displayed in the confusion matrix as true positives, true
negatives, false positives, and false negatives. Many metrics that indicate how successfully
the classes are discriminated are computed, including precision, recall, and the F1-score.
The confusion matrix shows the performance of a classification model across five classes:
Bacteria, Fungi, Healthy, Pests, and Virus. The diagonal values indicate correct classi-
fications, with high accuracy observed for Fungi (83) and Healthy (79).

The ROC curve illustrate the model’s performance in distinguishing between classes
and it plots the true positive rate against the false positive rate across different thresholds.
Greater overall discrimination and classification capabilities of the model is shown by a
bigger area under the curve (AUC).
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6.2 Evaluation for DenseNet121

In terms of plant disease classification, the DenseNet121 model performs well, the con-
fusion matrix indicates that most classes — most notably Bacteria (97) and Fungi
(84)—have excellent accuracy. There is some misunderstanding between the Virus and
Healthy classes while some Virus instances are mistakenly assigned to the Healthy class.
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Figure 10: Confusion Matrix for DenseNet121

In the case of DenseNet121, there is a sharp increase of both train and validation
accuracy to over 90% in about 20 epochs. However, the validation loss increases from 30
epochs onwards, which is an obvious case of overfitting, while the training loss linearly
continues to drop.
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Figure 11: Validation Accuracy and Loss graph for DenseNet121

In the training phase, DenseNet121 emitted approximately 0.0003 kg of CO2, which
is negligible. Carbon impact was measured and tracked during the completion of the
model’s 50 epochs using the CodeCarbon package. Stability in emissions across epochs
showed how the model appropriately used its computer resources.
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Figure 12: Carbon Emission for DenseNet121

6.3 Evaluation for VGG19

The image is a graphical representation of actual versus predicted classes for the dif-
ferent categories of leaf diseases: fungi, bacteria, pests, viruses, and healthy leaves. Most
of the predictions were similar to the actual labels, thus showing strong model perform-
ance, except in one case of misclassification, where a virus-affected leaf was misclassified
as being affected by pests. This gives a good representation of both the overall accuracy
and an area of improvement for the predictive model.
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Figure 13: Plant Disease Prediction using VGG19

The confusion matrix clearly portrays the performance of the VGG19 model in the
classification of the diseases on the leaves. It fits most of the classes accurately and shows
minimal misclassification, mostly between the ”Pests” and ”Virus” classes.

Confusion Matrix

Figure 14: Confusion Matrix for VGG19

During the model training procedure, about 0.0071 kg of CO2 were released overall.
To get an estimate for each period, the carbon emissions are averaged over all epochs.
The environmental impact of the model’s training is reflected in this graphic, which shows
the emissions for each epoch.
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Figure 15: Carbon Emission for VGG19
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6.4 Discussion

The three models—CNN, VGG19, and DenseNet121—were evaluated, and the results
provide significant additional details on how effectively they work in agricultural ap-
plications, especially when it comes to correctly recognising plant diseases. The results
highlight the advantages of the present concept and execution, despite the experiments’
meticulous planning to guarantee that every model was evaluated using the same dataset
and under the same conditions.

Accuracy Loss CO02 Emission
CNN 05% 0.177 0.0012 Kg
VGG19 08% 0.079 0.0071 Kg
DenseNet121 | 98% 0.068 0.0003 Kg

This CNN model, though simpler and more computationally efficient, has very poor
accuracy and loss compared to VGG19 and DenseNet121. In particular, CNN was able
to achieve an accuracy of 95% with a loss of 0.177, which is far higher in comparison to
the losses obtained in the more advanced models. That means that even though CNN
might be faster to put into action, it still lacks reliability in very important tasks such
as pathogen detection, where high accuracy is required. The higher loss does give an
indication that the CNN model is less confident in its predictions, which could lead to
more misclassifications in a real-world scenario.

On the other hand, DenseNet121 and VGG19 both show higher accuracy of 98%,
while DenseNet121 has the least amount of loss, 0.068. Hence, DenseNet121 is now the
most reliable model among the three.

Moreover, DenseNet121 is also more environmentally efficient, with CO emissions
of 0.0003 Kg, in comparison with VGG19, which has a 0.0071 Kg emission. Reduced
carbon emissions show DenseNet121 to be much more accurate, more reliable, and more
sustainable for large-scale deployment. Where energy efficiency and environmental impact
are critical, DenseNet121 is much more balanced in terms of high performance with
sustainability and would be preferable over both VGG19 and CNN.

7 Conclusion and Future Work

In conclusion, this paper gives an overview of the main role advanced deep learning
models can play in detecting accurate and energy-efficient plant pathogens for sustain-
able agriculture. In this study, VGG19 and DenseNet121 provided an outstandingly
high accuracy in plant pathogen detection. Among the tested models in this research,
DenseNet121 showed top performance, providing the highest accuracy of 98% and having
the lowest carbon emissions at the same time. First, this makes DenseNet121 the most
reliable model in relation to disease detection; it is also the most environmentally friendly,
having its carbon emissions per epoch standing at 0.0003 kg CO2e. In contrast, VGG19
emitted 0.0071 kg CO2 every epoch, which is way more in comparison to the 0.0003 kg
CO2 by DenseNet121, whereas the CNN model, although more energy-efficient, returned
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an accuracy of just 95%.

Future studies could focus on the application of DenseNet121-based models in the
detection of multiple other stresses in plants apart from pathogens, including lack of nu-
trients, drought, and/or pest-related infestations. Multi-spectral or hyperspectral image
data can be used to improve the accuracy of stress detection at presymptomatic stages
of the disease process. Even better diagnostic tools for farmers could be made available
through a coupling of machine learning models with expert systems or knowledge-based
approaches, enabling the performance of precise and timely interventions against agricul-
tural threats.
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