j.-t' “ARe
¢ TISREM 3

Sy e Jeurnal

5

International Journal of Scientific Research in Engineering and Management (IJSREM)
Volume: 09 Issue: 10 | Oct - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

Al Model for Identification of Micro-Nutrient Deficiency in Banana Crop

K. Umalatha, Ms. Rajashree Sutrawe
PG Scholar, Department of Computer Science & Engineering, Guru Nanak Institutions Technical Campus
Hyderabad.
Associate Professor, Guru Nanak Institutions Technical Campus, Hyderabad.
umalatha.kankanala@gmail.com, rajashrees.csegnitc(@gniindia.org

ABSTRACT:

In order to detect vitamin deficiencies in banana crops, this project presents an advanced convolutional neural network (CNN) model
that analyses leaf images. Proper nutrition is essential for optimal crop development and yield, and deficiencies in critical nutrients
can have a detrimental impact on plant health and production. To address this problem, we have developed a bespoke CNN model
that recognizes and classifies various nutrient deficits using detailed leaf pictures. The study used a sizable dataset of banana leaves
with a variety of insufficiency indicators to train and evaluate the algorithm. The CNN architecture was carefully modified to enhance
feature extraction and classification abilities and facilitate precise diagnosis of nutrient-related illnesses. The outcomes demonstrate
the model's ability to distinguish between distinct nutrient deficiencies, which makes it a valuable tool for precision farming. This
approach aims to improve nutrient management and crop health monitoring methods, highlighting the significant role that machine

learning technology plays in advancing agricultural research and practices.

INTRODUCTION

The production of bananas, one of the most significant fruit crops
grown globally, is mostly dependent on the availability of vital
nutrients in the soil and plant system. Micronutrient deficiencies,
which can result in stunted growth, decreased output, and poor
fruit quality, frequently show up as visible symptoms on the
leaves. These deficiencies include those in zinc, iron,
magnesium, and manganese. Manual inspection and laboratory
testing are the traditional means of identifying these
inadequacies, but they are costly, time-consuming, and
frequently unavailable to small-scale farmers. Intelligent and
automated methods that can precisely and early identify nutrient
shortages are becoming more and more necessary as the need for
precision farming and sustainable agriculture rises. This will
allow for prompt intervention.

New opportunities for automated plant health monitoring have
been made possible by recent developments in deep learning and
computer vision. A potent tool for agricultural applications,
Convolutional Neural Networks (CNNs) in particular have
shown exceptional performance in image recognition and
classification tasks. CNNs are able to identify minute changes
that the human eye frequently misses by utilizing the visual
patterns and texture features included in leaf images. This
method offers a scalable and dependable way to track the
nutritional status of plants while removing the subjectivity and
mistakes that come with human diagnosis. By lowering reliance
on laboratory-based techniques, incorporating such models into
farming operations has the potential to revolutionize crop
management systems.

In this work, we propose an image-based CNN model that is
tailored to identify vitamin deficiencies in banana leaves.
Samples of banana leaves exhibiting a variety of deficiency signs
were carefully chosen to train and evaluate the model. The CNN
architecture was improved to increase its ability to extract and
classify features, which enables it to recognize complex patterns
linked to a range of nutritional issues. The high categorization
accuracy of the system demonstrates its potential as a decision-
support tool for farmers and agricultural specialists. Precision
agriculture can benefit greatly from such automation since it
ensures timely detection and correction of nutrient

OBJECTIVE
This research also intends to advance precision farming by using
artificial intelligence into nutrient management strategies. To

improve crop health monitoring, the project aims to create a
reliable decision-support tool for farmers and other agricultural
professionals. This model uses a robust CNN architecture trained
on a large dataset of banana leaves to increase accuracy, reduce
human error, and enhance sustainable agricultural practices. The
ultimate goal is to demonstrate the value of machine learning in
agriculture by offering a scalable, adaptable, and user-friendly
solution that can be expanded to other crops in the future, thereby
addressing the concerns of global food security.

2.1 PROBLEM STATEMENT

Banana crops are highly susceptible to nutrient deficiencies,
which adversely affect plant growth, yield, and overall
productivity. Traditional methods of diagnosing these
deficiencies rely on manual observation and expert knowledge,
which are often time-consuming, subjective, and prone to human
error. Furthermore, the subtle visual differences between various
nutrient deficiencies make accurate diagnosis challenging,
especially for non-experts. This lack of efficient, scalable, and
precise diagnostic methods hampers effective nutrient
management in banana cultivation. Therefore, there is a critical
need for an automated, accurate, and reliable system that can
identify and classify vitamin and nutrient deficiencies in banana
leaves using advanced image analysis techniques.

2.2 EXISTING SYSTEM

The IncepV3Dense architecture improves image classification
performance by combining the advantages of Dense Net and
InceptionV3. Dense Net offers value with its dense connection
structure that encourages feature reuse and lessens the vanishing
gradient issue, while InceptionV3 makes a contribution with its
creative usage of Inception modules for multi-scale feature
extraction and processing efficiency.

The modular, multi-scale analysis of InceptionV3 and the
effective, direct gradient flow of Dense Net are two
complementing capabilities that IncepV3Dense capitalizes on by
combining these two architectures. This hybrid method seeks to
increase classification robustness and accuracy, which makes it
especially useful for challenging jobs like identifying crop
nutrient deficits.

Disadvantage of Existing System

> The Increasing Complexity
> Increased Memory Utilization
> Implementation Difficulties
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2.3 PROPOSED SYSTEM

The deep learning architectures that are specifically made to
process and evaluate visual data by simulating how images are
processed by the human visual system. In order to detect and
learn hierarchical characteristics from low-level edges to high-
level patterns, CNNs use a sequence of convolutional layers that
apply different filters to input images.

Image identification, object detection, and visual pattern analysis
tasks benefit greatly from these networks' ability to capture
spatial hierarchies through local connectivity, weight sharing,
and pooling operations. By down sampling feature maps, CNN
pooling layers aid in achieving translation invariance, which
improves the model's resilience to changes in input data by
enabling the network to identify objects in an image regardless
of their location.

Advantages of Proposed System

> Feature learning.

> Sharing parameters.

> Invariance in translation.
3. RELATED WORKS

Early studies on crop nutrient deficiency detection mainly relied
on manual observation and traditional image processing methods
such as color analysis, texture extraction, and segmentation.
While these approaches helped in identifying visible symptoms
on leaves, they often lacked consistency due to variations in
lighting, background noise, and human subjectivity, making
them unsuitable for large-scale agricultural applications.

With the rise of machine learning techniques, researchers applied
algorithms such as SVM, KNN, and random forest for plant
disease and deficiency classification. These methods used
handcrafted features for analysis but were limited by their
dependence on feature engineering and inability to generalize
well across diverse datasets.

More recently, deep learning and CNN-based models have
shown remarkable success in plant health monitoring across
crops like rice, maize, and tomato. Pre-trained models such as
VGG16, ResNet, and Inception have been employed to improve
classification accuracy and automate feature extraction.
However, most existing works on banana crops have
concentrated on disease detection (e.g., Sigatoka, Fusarium wilt),
with only limited efforts targeting nutrient deficiency
classification. This gap emphasizes the need for a specialized
CNN model tailored for banana leaves, which this study aims to
address.

METHODOLOGY OF PROJECT

The proposed methodology for detecting nutrient deficiencies in
banana leaves is based on a deep learning framework that
leverages convolutional neural networks (CNNs) for automated
diagnosis. To begin with, a large dataset of banana leaf images
was collected, covering both healthy leaves and those exhibiting
symptoms of various nutrient deficiencies such as nitrogen,
potassium, and magnesium. Each image was carefully labeled to
ensure reliable supervised training of the model.

MODULE DESCRIPTION:

The Dataset:

The dataset utilized in this study consists of pictures of banana
leaves that have been labeled with certain micronutrient deficits,
like a lack of iron, magnesium, or zinc. The quality and diversity
of this dataset are critical to the model's ability to accurately learn
features and generalize to new, unseen examples. Reliability is
increased by managing changes in light, orientation, and image
quality by preprocessing techniques like scaling, normalization,
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and image augmentation (such as flipping, rotation, and
brightness correction). For testing, validation, and training, the
dataset is divided into subsets to ensure an equitable evaluation
of the model and prevent overfitting. For accurate classification,
the dataset serves as the foundation for building a robust CNN
model because it provides a representative and balanced
spectrum of deficiency symptoms.

Examine the information:

The distribution, structure, and underlying patterns of the data
must be rigorously assessed prior to model training. In order to
ensure that all nutrient deficiency groups are fairly represented,
this process comprises evaluating the dataset's overall quality,
looking for any possible anomalies or photographs that have been
wrongly classified, and reviewing class balance. Sample photos
and class distribution plotting are two examples of visualization
techniques that help find trends, differences, and disparities
between groups.

Preprocessing:

For effective model training and analysis, preprocessing is one
of the most crucial phases in preparing raw image data.
Preprocessing for this project involves several steps to ensure
that the dataset is clean, consistent, and suitable for deep
learning. To maintain uniformity, images are scaled to a specified
dimension, and pixel values are normalized to improve training
stability and convergence. To enhance the model's capacity to
generalize to real-world scenarios, data augmentation methods
including as flipping, rotation, scaling, and brightness
adjustments are employed to artificially expand the diversity of
the dataset. Unnecessary or noisy data, including unclear or
duplicate photos, is removed to further improve the dataset's
overall quality. When combined, these preprocessing techniques
enhance the CNN model's robustness and effectiveness in
accurately detecting micronutrient deficiencies.

Separating the data:

Data division is an important step in machine learning to ensure
equitable evaluation and reliable model performance. This study
uses three subsets of the dataset: training, validation, and testing.
The CNN model can recognize patterns and features in the
images of banana leaves because it was trained using the training
set. The validation set is used to monitor the model's capacity to
generalize to new data, prevent overfitting, and modify
hyperparameters during training. Finally, the test set provides an
unbiased evaluation of the model's performance on completely
new data by simulating real-world scenarios. In addition to being
accurate on training data, this well-structured division ensures
that the model is robust and reliable when applied in actual
farming circumstances.

Develop the model:

Model training is the process of teaching the CNN to recognize
and classify patterns from images of banana leaves using the
training dataset. Using convolutional layers to extract features,
the model attempts to predict the correct class after receiving
photos as input. The difference (error) between the labels that
were predicted and those that were actually assigned is measured
using a loss function. The model's parameters (weights and
biases) are updated in response to this inaccuracy using
optimization techniques such as Adam or stochastic gradient
descent (SGD). This process can be repeated over a number of
iterations, or epochs, in order to steadily decrease errors and
improve accuracy. When the model is properly trained, it will
learn the dataset and function well when used with fresh data.
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Assessment of the Model: 6. DATA FLOW DIAGRAM

Model evaluation refers to the process of evaluating the accuracy

and reliability of the trained CNN model in detecting nutritional 7 ‘
deficiencies in banana leaves. After training, the validation and -‘ K

test datasets are used to assess the model's ability to generalize to S/

new data. The model's accuracy, precision, recall, and F1 score P
are calculated to provide a comprehensive view of how well it /
predicts each deficiency class. Utilizing visualization techniques [ User |
like confusion matrices, it is also possible to see which categories ’ }

are more likely to be incorrectly identified. This evaluation —"T
ensures that the model meets the desired performance standards, e
confirms its practical applicability as a reliable precision "'\
agriculture decision-support tool, and pinpoints areas for P
improvement, | Data Pregrozossng
Forecast:

During the prediction step, the trained CNN model is applied to
new or unseen images of banana leaves in order to identify
potential nutritional shortages. The model uses the patterns and
features it has learnt to classify each input image into the
appropriate deficiency category after training and thorough

Fig: 6 Flow Diagram

evaluation. These projections provide useful information that Data splitting
helps farmers and agricultural experts make informed decisions

about nutrient management and corrective actions. The accuracy i

and reliability of predictions are influenced by the caliber of

training, data preparation, and model evaluation. By providing Train the model

automatic and real-time assessment of leaf health, the prediction
process transforms raw image data into usable guidance,
supporting precision farming and increasing crop productivity. I

4. ALGORITHM USED IN PROJECT
One specific kind of artificial neural network made to effectively Model evaluation
process grid-like input, such photographs, is the Convolutional
Neural Network (CNN). CNNs capture patterns at various levels
of abstraction by using convolutional layers to automatically and
adaptively learn spatial hierarchies of information.
Convolutional layers, which use filters to extract features;
pooling layers, which lower dimensionality and increase
computational efficiency; and fully connected layers, which use
the learned features to do classification or regression, are the
usual components of the design. CNNs are very successful at
image-based tasks because of their hierarchical structure, which
allows them to recognize intricate visual patterns while
preserving translation invariance.

CNNs' capacity to automatically learn and extract pertinent
features from unprocessed picture data reduces the need for
human feature engineering, which is one of their main
advantages. The network can identify minute changes in input
photos by using convolutional filters to capture edges, textures, od ol ol s 1
forms, and other complex visual patterns. CNNs are especially y = 7 B B
well-suited for computer vision applications like identifying

Result

7. SYSTEM ARCHITECTURE
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Fig: 7 System Architecture Of Project
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9. FUTURE ENHANCEMENT

While there is need for enhancement, the proposed CNN-based
method for detecting vitamin deficiencies in banana crops
provides a strong foundation for intelligent agricultural
applications. The model can be made more robust and
generalizable in the future by adding a larger and more diverse
dataset collected from other places, seasons, and environmental
conditions. Using advanced deep learning techniques like
ensemble models and transfer learning can also improve
classification accuracy while reducing processing overhead. In
addition to nutritional deficiencies, the system may be developed
to diagnose pest attacks and disease infections, making it a more
comprehensive tool for precision farming and crop health
monitoring. Another significant advancement is the integration
of this model into user-friendly platforms, such as smartphone
apps or Internet of Things-based smart agricultural systems.
Farmers can now capture leaf images in real time and receive
prompt diagnostic feedback thanks to this. Integrating cloud-
based processing and storage can facilitate large-scale data
management and remote crop health monitoring. Future studies
could look into integrating image analysis with soil data, weather
conditions, and sensor-based information to provide more
thorough recommendations for nutrient management. By
advancing toward multi-crop adaptation and real-time decision
support, the model has the potential to become a helpful
agricultural assistant that would eventually boost output,
encourage sustainable practices, and guarantee global food
security.

10. CONCLUSION

The potential of Convolutional Neural Networks (CNNs) in
identifying vitamin deficiencies in banana crops is demonstrated
in this study through a thorough examination of leaf photos.
Utilizing deep learning techniques, the proposed model
effectively captures minute visual patterns associated with
nutrient deficits, offering a reliable and automated alternative to
conventional diagnostic instruments. The results show that high
accuracy can be achieved with CNN-based image-based
classification, reducing the requirement for physical inspections
and laboratory testing. This makes it easier for early detection,
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quick response, and efficient nutrient management—all of which
directly contribute to precision farming's goals. Along with
improving crop health and productivity, the system demonstrates
how artificial intelligence may be applied to urgent agricultural
problems. The study's findings show how beneficial it is to
incorporate machine learning into modern farming practices.
Although the technology's current application is limited to
banana harvests, it can be expanded to other crop species facing
similar nutritional challenges. With further enhancements like
multi-factor analysis, real-time mobile integration, and larger
datasets, the proposed system can grow into a comprehensive
agricultural support platform. This study concludes by
highlighting the importance of integrating intelligent technology
for sustainable farming in order to boost productivity, improve
quality, and reduce losses. The study demonstrates how, by
bridging the gap between cutting-edge research and practical
implementations, Al-driven solutions can greatly boost
agricultural innovation and food security.

REFERENCES:

1. D. Mohapatra, J. Tripathy, and T. K. Patra, ‘‘Rice disease
detection and monitoring using CNN and Naive Bayes
classification,”’ in Soft Computing Techniques and Applications,
S. Borah, R. Pradhan, N. Dey, and P. Gupta, Eds. Singapore:
Springer, 2021.

2. A. Mahender, B. Swamy, A. Anandan, and J. Ali, ““Tolerance
of iron deficient and-toxic soil conditions in rice,”’ Plants, vol. 8,
no. 2, p. 31, Jan. 2019.

3. Nutrient Deficiencies-Banana. Accessed: Aug. 15, 2018.
[Online].

4. Banana Expert System. Accessed: Aug. 10, 2023. [Online].
5. Ae: Lesson 15. Nutrient Deficiency, Toxicity and Control
Measures, N.D. Accessed: Aug. 18, 2023. [Online].

6. I. Zewide and A. Sherefu, ‘‘Review paper on effect of
micronutrients for crop production,’”” Nutrition Food Process.,
vol. 4, no. 7, pp. 1-8, Nov. 2021.

7. Plant Nutrient Functions and Deficiency, Ann Mccauley, Soil
Scientist; Clain Jones, Extension Soil Fertility Specialist; and
Jeff Jacobsen, College of Agriculture Dean. Accessed: Aug. 18,
2023. [Online].

8. J. A. Tejada and G. P. P. Gara, ‘‘Leitheit: A banana leaf
analyzer for identifying macronutrient deficiency,”’ in Proc. 3rd
Int. Conf. Commun. Inf. Process., Nov. 2017, pp. 458—463.

9. P. K. Sethy, C. Kumari, N. Bar panda, B. Negi, S. Behera, and
A. Kuma Rath, ‘‘Identification of mineral deficiency in Rice crop
based on SVM in approach of K-means & fuzzy C-means
clustering,”” Helix, vol. 7, no. 5, pp. 1970-1983, 2017.

10. A. Agarwal and S. Dutta Gupta, ‘“Assessment of spinach
seedling health status and chlorophyll content by multivariate
data analysis and multiple linear regression of leaf image
features,”” Comput. Electron. Agricult., vol. 152, pp. 281-289,
Sep. 2018.

11. N. Leena and K. K. Saju, ‘‘Classification of macronutrient
deficiencies in maize plants using optimized multi class support
vector machines,”” Eng. Agricult., Environ. Food, vol. 12, no. 1,
pp- 126-139, Jan. 2019.

12. U. Watchareeruetai, P. Noinongyao, C. Wattanapaiboonsuk,
P. Khantiviriya, and S. Duangsrisai, ‘‘Identification of plant
nutrient deficiencies using convolutional neural networks,”” in
Proc. Int. Electr. Eng. Congr. GEECON), Mar. 2018, pp. 1-4.
13. S. Ghosal, D. Blystone, A. K. Singh, B.
Ganapathysubramanian, A. Singh, and S. Sarkar, ‘‘An
explainable deep machine vision framework for plant stress
phenotyping,”” Proc. Nat. Acad. Sci. USA, vol. 115, no. 18, pp.
4613-4618, May 2018.

14. T.-T. Tran, J.-W. Choi, T.-T. Le, and J.-W. Kim, ‘“‘A
comparative study of deep CNN in forecasting and classifying
the macronutrient deficiencies on development of tomato plant,”’
Appl. Sci., vol. 9, no. 8, p. 1601, Apr. 2019.

15. S. Shifnal, M. V. Latte, and A. Kapoor, ‘‘Crop yield
prediction: Two-tiered machine learning model approach,’” Int.
J. Inf. Technol., vol. 13, no. 5, pp. 1983-1991, Oct. 2021.

16. P. K. Sethy, N. K. Bar panda, A. K. Rath, and S. K. Behera,
“Nitrogen deficiency prediction of Rice crop based on
convolutional neural network,”’ J. Ambient Intell. Humanized
Comput., vol. 11, no. 11, pp. 5703-5711, Nov. 2020.

17.J. Y1, L. Krusenbaum, P. Unger, H. Hiiging, S. J. Seidel, G.
Schaaf, and J. Gall, ‘‘Deep learning for non-invasive diagnosis
of nutrient deficiencies in sugar beet using RGB images,”’
Sensors, vol. 20, no. 20, p. 5893, Oct. 2020.

18. B. S. Anami, N. N. Malvade, and S. Palaiah, ‘‘Deep learning
approach for recognition and classification of yield affecting
paddy crop stresses using field images,”” Artif. Intell. Agricult.,
vol. 4, pp. 12-20, 2020.

19. C. Cevallos, H. Ponce, E. Moya-Albor, and J. Brieva,
““Vision-based analysis on leaves of tomato crops for classifying
nutrient deficiency using convolutional neural networks,”” in
Proc. Int. Joint Conf. Neural Netw. (IJCNN), Jul. 2020, pp. 1-7.
20.J. Li, C. Oswald, G. L. Graef, and Y. Shi, ‘‘Improving model
robustness for soybean iron deficiency chlorosis rating by
unsupervised pre-training on unmanned aircraft system derived
images,”” Comput. Electron. Agricult., vol. 175, Aug. 2020, Art.
no. 105557.

21. Z. Xu, X. Guo, A. Zhu, X. He, X. Zhao, Y. Han, and R.
Subedi, ‘‘Using deep convolutional neural networks for image-
based diagnosis of nutrient deficiencies in rice,”” Comput. Intell.
Neurosci., vol. 2020, pp. 1-12, Aug. 2020.

22. V. Kusanur and V. S. Chakravarthi, ‘‘Using transfer learning
for nutrient deficiency prediction and classification in tomato
plant,”’ Int. J. Adv. Comput. Sci. Appl., vol. 12, no. 10, pp. 784—
790, 2021.

23. R. Sathyavani, K. JaganMohan, and B. Kalavati, ‘‘Detection
of plant leaf nutrients using convolutional neural network-based
Internet of Things data acquisition,”” Int. J. Nonlinear Anal.
Appl., vol. 12, no. 2, pp. 1175-1186, 2021.

24. P. Jahagirdar and S. V. Budihal, ‘‘Framework to detect NPK
deficiency in maize plants using CNN,’” in Prog. Adv. Comput.
Intell. Eng. (ICACIE), vol. 2. Cham, Switzerland: Springer,
2021, pp. 366-376.

25. M. Hariri and E. Avsar, ‘“‘Tipburn disorder detection in
strawberry leaves using convolutional neural networks and
particle swarm optimization,”” Multimedia Tools Appl., vol. 81,
no. 8, pp. 11795-11822, Mar. 2022.

26. J. Malaisamy and J. Rethnaraj, ‘‘Smart nutrient deficiency
prediction system for groundnut leaf,”’ Intell. Autom. Soft
Comput., vol. 36, no. 2,pp. 1845-1862, 2023.

27. M. Sharma, K. Nath, R. K. Sharma, C. J. Kumar, and A.
Chaudhary, ‘‘Ensemble averaging of transfer learning models for
identification of nutritional deficiency in Rice plant,”
Electronics, vol. 11, no. 1, p. 148, Jan. 2022.

28. M. S. H. Talukder and A. K. Sarkar, ‘‘Nutrients deficiency
diagnosis of Rice crop by weighted average ensemble learning,”’
Smart Agricult. Technol., vol. 4, Aug. 2023, Art. no. 100155.
29. N. Nakata and T. Siina, ‘‘Ensemble learning of multiple
models using deep learning for multiclass classification of
ultrasound images of hepatic masses,”’ Bioengineering, vol. 10,
no. 1, p. 69, Jan. 2023.

30. V. Gautam, R. K. Ranjan, P. Dahiya, and A. Kumar,
““ESDNN: A novel ensembled stack deep neural network for

© 2025, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM52899 |

Page 5


https://ijsrem.com/

£ 2%

g =
o4 International Journal of Scientific Research in Engineering and Management (IJSREM)

W Volume: 09 Issue: 10 | Oct - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

mango leaf disease classification and detection,”” Multimedia
Tools Appl., vol. 83, no. 4, pp. 10989-11015, Jan. 2024.

31. S. Kolhar, J. Jagtap, and R. Shastri, ‘‘Deep neural networks
for classifying nutrient deficiencies in Rice plants using leaf
images,’” Int. J. Comput. Digit. Syst., vol. 15, no. 1, pp. 305-314,
Jul. 2024.

32. K. Venkatesh and K. J. Naik, ‘“An ensemble transfer learning
for nutrient deficiency identification and yield-loss prediction in
crop,”” Multimedia Tools Appl., pp. 1-27, Feb. 2024.

33. P. Sunitha, B. Uma, S. Channakeshava, and S. Babu, ‘A
fully labeled image dataset of banana leaves deficient in
nutrients,”” Data Brief, vol. 48, Jun. 2023, Art. no. 109155.

34. K. A. M. Han, N. Maneerat, K. Sepsirisuk, and K.
Hamamoto, ‘‘Banana plant nutrient deficiencies identification
using deep learning,”” in Proc. 9th Int. Conf. Eng., Appl. Sci.,
Technol. (ICEAST), Jun. 2023, pp. 5-9.

35.J. Mkhatshwa and O. Daramola, ‘‘Image-based identification
of plant diseases and nutrient deficiency using interpretable
machine learning,”’ in Proc. 3rd Int. Conf. Digit. Data Process.
(DDP), Nov. 2023, pp. 98—-101.

36.Q. Yan, Y. Chen, and C. Wu, ‘‘Identification of plant nutrient
deficiency based on improved mobilenetv3-large model,”’ in
Proc. Chin. Intell. Automat. Conf. Cham, Switzerland: Springer,
2023, pp. 402-408.

© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM52899 | Page 6


https://ijsrem.com/

