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Abstract
This review paper investigates the utilization of Convolutional Neural Networks 
(CNNs) for disease detection in potato agriculture, highlighting their pivotal role in 
efficiently analyzing large-scale agricultural datasets. The datasets used, preprocessing 
methodologies applied, specific data collection zones, and the efficacy of prominent 
algorithms like ResNet, VGG, and MobileNet variants for disease classification are 
scrutinized. Additionally, various hyperparameter optimization techniques such as grid 
search, random search, genetic algorithms, and Bayesian optimization are examined, 
and their impact on model performance is assessed. Challenges including dataset scar-
city, variability in disease symptoms, and the generalization of models across diverse 
environmental conditions are addressed in the discussion section. Opportunities for 
advancing CNN-based disease detection, including the integration of multi-spectral 
imaging and remote sensing data, and the implementation of federated learning for 
collaborative model training, are explored. Future directions propose research into 
robust transfer learning techniques and the deployment of CNNs in real-time monitor-
ing systems for proactive disease management in potato agriculture. Current knowl-
edge is consolidated, research gaps are identified, and avenues for future research in 
CNN-based disease detection strategies to sustain potato farming effectively are pro-
posed by this review. This study paves the way for future advancements in AI-driven 
disease detection, potentially revolutionizing agricultural practices and enhancing food 
security. Also, it aims to guide future research and development efforts in CNN-based 
disease detection for potato agriculture, potentially leading to improved crop manage-
ment practices, increased yields, and enhanced food security.
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Introduction

Plants are important for the environment, health, and food production. They build 
and maintain ecosystem processes, microbial populations, and soil structure, which 
are critical to planet health. Plants maintain life in the environment and provide 
nutrients to species at all food chain levels. They also have medicinal properties that 
benefit human health. Plant-based activities like gardening and being in nature pro-
mote mental and physical health, making them crucial to the planet and its inhabit-
ants (Nartova-Bochaver et al. 2020; Hartin and Bennaton 2023).

The agricultural importance of potatoes is significant due to their nutritional value, 
economic value, and their role in food security. Potatoes are a staple food crop that is 
rich in nutrients and is included in the main nutrition ration due to its many nutritious 
elements necessary for human health (Rashid et al. 2021). Potatoes are also an important 
commodity in international trade, contributing to the economic sustainability of many 
regions (Duarte-Carvajalino et  al. 2018). Additionally, the use of fermented chicken 
manure products in potato cultivation has been studied for its effects on soil productivity, 
nutrient supply, and quality, with findings indicating potential benefits for soil nutrient 
status, plant uptake, and yield (Luong 2024). Furthermore, the optimization of market 
competition in the potato planting industry through intelligent system management has 
been studied, highlighting the importance of technological advancements in potato pro-
duction and processing (Abbas et al. 2024). Overall, the agricultural importance of pota-
toes is evident in their nutritional value, economic value, and their role in supporting 
food security and sustainability (Hampson 1976; Devaux et al. 2014; Tolessa 2018).

Artificial intelligence (AI) has emerged as a transformative tool in detecting dis-
eases across potato crops, leveraging deep learning and CNNs to achieve significant 
advancements in early disease identification and classification (Kiran Pandiri et  al. 
2022; Shoaib et al. 2022). By automating detection processes, these AI-driven mod-
els offer efficient solutions that surpass traditional manual monitoring methods, ena-
bling proactive interventions to mitigate disease impacts on potato yields.  AI has 
been a popular subject in recent decades, and there are numerous applications of AI 
(Gülmez and Kulluk 2019, 2023; Gülmez 2022a, 2023c, 2024a; Gülmez et al. 2024).

The integration of computer vision and AI technologies has revolutionized agri-
cultural practices (Gülmez 2023a, 2024b), particularly in disease detection for pota-
toes (Lee et al. 2021; Shafik et al. 2023). Convolutional Neural Networks (CNNs) 
and machine learning algorithms have played pivotal roles in automating the iden-
tification of potato diseases, empowering growers with timely insights for effective 
disease management strategies. These technologies, enhanced by deep learning 
techniques and advanced imaging, have significantly improved the accuracy of dis-
tinguishing between healthy and diseased potato plants, facilitating targeted inter-
ventions to prevent disease spread (Wei et al. 2023).

AI-driven approaches, including deep learning and CNNs, represent a paradigm 
shift in potato disease detection, offering robust solutions for enhancing agricultural 
sustainability. These innovations not only streamline disease identification processes 
but also empower farmers with actionable insights that improve crop health manage-
ment and resilience against disease outbreaks (Rashid et al. 2021; Shaheed et al. 2023).
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Figure  1 shows the  general methodology of CNN applications. This review 
focuses on several key aspects of CNN applications in potato disease detection: (1) 
the types and characteristics of datasets used for training and testing models; (2) 
preprocessing techniques applied to image data; (3) the geographical distribution 
of data collection; (4) comparative analysis of various CNN architectures and their 
performance in disease detection; and (5) hyperparameter optimization techniques 
employed to enhance model performance. Additionally, we discuss current chal-
lenges in the field and explore future directions for research and application.

Common Preprocessing Methodologies

Image Resizing and Cropping

These techniques are essential for standardizing input sizes for CNN models. Resiz-
ing ensures all images have consistent dimensions, typically 224 × 224 or 256 × 256 
pixels, which is crucial for many pre-trained CNN architectures. Cropping helps 
focus on the relevant parts of the image, removing potentially distracting back-
ground elements.

Noise Reduction

Techniques such as Gaussian filtering or median filtering are applied to reduce 
image noise, which can improve the model’s ability to detect relevant features. This 
is particularly important in field-collected images where varying lighting conditions 
and camera qualities can introduce noise.

Fig. 1  General methodology of CNN applications
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Data Augmentation

This technique artificially expands the dataset by creating modified versions of exist-
ing images. Common augmentation techniques include rotation, flipping, and adjust-
ing brightness or contrast. Data augmentation helps improve model generalization 
and robustness, especially when working with limited datasets.

Normalization

Image pixel values are typically normalized to a standard range (e.g., 0–1 or -1 to 1) to 
ensure consistent input scales across different images. This helps in faster convergence 
during model training and can improve overall model performance (Gülmez 2023e).

Convolutional Neural Networks

CNNs are powerful tools in the world of artificial intelligence and computer sci-
ence (Gülmez 2022b, 2023b). A sample CNN figure can be seen in Fig. 2. They are 
a type of deep learning algorithm inspired by how the human brain processes visual 
information (Li et al. 2022). Imagine trying to recognize different types of fruits from 
their pictures on a computer screen. CNNs work similarly, they can learn to iden-
tify patterns and features in images. This ability makes CNNs incredibly useful for 
tasks like facial recognition in social media apps or diagnosing diseases from medical 
scans. In essence, CNNs help computers understand and interpret visual information, 
making them essential in many modern technologies we use daily (Gülmez 2023b).

CNNs are being increasingly used to detect diseases in potato plants, showing 
how advanced technology can aid in agriculture. Imagine a farmer trying to identify 
diseased potato leaves just by looking at them. CNNs do something similar, they 
analyze images of potato plants to spot signs of diseases like late blight or early 

Fig. 2  CNN (Nadeem et al. 2020)
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blight. These networks learn from thousands of images to recognize patterns that 
indicate disease, such as discoloration or unusual spots on leaves (Panferov et  al. 
2018; Feng et al. 2023). By using CNNs, farmers can quickly detect diseases early 
on, helping them take action before the whole crop is affected.

Using CNNs for potato disease detection involves taking pictures of plants and 
feeding them into a computer program that has been trained to recognize specific 
patterns linked to diseases. This technology not only helps farmers save time and 
effort but also improves crop health and reduces the use of pesticides. It  is like 
having a smart assistant that can spot potential problems in the fields before they 
become serious threats. By harnessing CNNs, agriculture becomes more efficient 
and sustainable, ensuring healthier potato crops and better food security for commu-
nities relying on this staple food (Sinshaw et al. 2022; Jafar et al. 2024).

Literature Review

Dataset Analysis

Table 1 shows the dataset analysis. The datasets used in various studies for CNN-
based disease detection in potato agriculture vary significantly in terms of the num-
ber of images, the number of disease classes, and the specific diseases they cover. 
This variation reflects the diverse approaches and focus areas within the research 
community.

Agrawal et  al. (2023) used a dataset comprising 5000 images categorized into 
three classes: early blight, late blight, and healthy. Similarly, Akther et  al. (2021) 
used a smaller dataset of 1500 images but included an additional disease category, 
leaf blight. In contrast, Al-Amin et  al. (2019) used a more comprehensive dataset 
with 5000 images spanning five disease classes: early blight, late blight, blackleg, 
leaf roll, and mosaic virus. This highlights the complexity and variety of diseases 
affecting potato crops. Ali et al. (2023) and Arya and Singh (2019) both used data-
sets with 5000 and 4004 images, respectively, focusing on just two classes: early 
blight and late blight. This narrow focus is common in many studies, given the prev-
alence and significant impact of these two diseases. Badoni et al. (2023) employed a 
dataset of 5000 images to distinguish between healthy and diseased plants, without 
specifying the type of disease. This approach is useful for broad disease detection 
but lacks specificity. Balakrishnan et al. (2023) utilized a dataset of 5615 images cat-
egorized into three disease classes: Alternaria, blackleg, and target spot. This dataset 
provides a diverse set of conditions for model training. Baranwal et al. (2022) and 
Barman et al. (2020) each used a dataset of 5000 images with three classes: healthy, 
late blight, and early blight, maintaining a focus on these common diseases. Bonik 
et al. (2023) expanded the disease categories in their 5000-image dataset to include 
septoria blight along with early and late blight. Chaudary et al. (2023) used a more 
extensive classification with five classes in their 5000-image dataset: early blight, 
late blight, potato virus Y, potato leafroll virus, and potato spindle tuber viroid. 
Eraj and Uddin (2023) and Islam et  al. (2023) both utilized datasets with around 
2000 images, focusing on early and late blight. Ghosh et al. (2021) and Goyal et al. 
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(2023) also focused on these diseases, with the latter using a smaller dataset of 1964 
images. Gupta et  al. (2023a, b, c) and Jahangir et  al. (2023) both employed com-
prehensive datasets of 5000 images each, with five disease classes, including early 
blight, late blight, leaf mold, blackleg, and bacterial wilt. This broad categorization 
aids in training models for more detailed disease detection. Joseph et al. (2022) and 
Julian and Vignesh (2024) also focused on early and late blight along with other 
diseases in their 5000-image datasets. Kasani et al. (2023) and Kiran Pandiri et al. 
(2022) each used a dataset of 5000 images for early and late blight detection. Kris-
tiyanti et  al. (2023) included potato virus Y and potato leafroll virus along with 
early and late blight in their 5000-image dataset. Kukreja et al. (2021) used a much 
smaller dataset of 900 images for detecting potato blight and healthy plants. Kumar 
et al. (2023a, b, c) and Manzoor et al. (2024) both utilized datasets of 5000 images 
with five disease classes, including early blight, late blight, and other viral and bac-
terial diseases. Marino et al. (2019) used a large dataset of 9688 images covering six 
disease classes, providing extensive data for model training. Mehta et al. (2023a, b) 
and Patil et al. (2022) used datasets with five disease classes, focusing on a combi-
nation of blight and viral diseases. Pandey et al. (2019) used a 5000-image dataset 
for detecting greening, mechanical defect, rotting, and sprouting, highlighting non-
disease-related issues. Paul et al. (2023) and Prakash et al. (2024) both utilized data-
sets of 5000 images each with a focus on early and late blight along with other dis-
eases. Qi et al. (2022) and Sinha et al. (2023) used similar datasets for early and late 
blight detection. Rodriguez et al. (2023) employed a dataset of 2760 images, focus-
ing on healthy, late blight, and early blight categories. Shaheed et al. (2023) used the 
largest dataset of 10,000 images, covering five disease classes, including healthy and 
various blights. Singha et al. (2023) and Srivastava et al. (2024) each used a data-
set of 5000 images, focusing on early blight, late blight, and other diseases. Suarez 
Baron et al. (2022) and Turnip et al. (2020) used smaller datasets, focusing on late 
blight and healthy categories. This analysis reveals a wide range of datasets used in 
CNN-based disease detection in potato agriculture, reflecting the diversity of dis-
eases and the varying scales of image data available for research. This diversity is 
crucial for developing robust models capable of accurate disease detection across 
different conditions and regions.

Data Preprocessing Analysis

Table 2 shows the data preprocessing methods. Various image preprocessing tech-
niques are employed in CNN-based disease detection studies to enhance the qual-
ity and suitability of images for analysis. The techniques range from basic resizing 
and cropping to advanced methods like noise reduction and segmentation. These 
preprocessing steps are crucial for improving the performance of CNN models by 
standardizing image data and highlighting relevant features.

Various preprocessing techniques such as resizing, cropping, noise reduction, and 
histogram equalization were applied to standardize the image data and enhance fea-
ture extraction. These steps significantly improved the model’s accuracy and robust-
ness by ensuring consistent input quality and highlighting relevant disease features. 
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Table 2  Image preprocessing techniques used

Paper  Preprocessing techniques

(Tika Adilah and Kristiyanti 2023) Resizing, Flipping, Rotation, Noise addition
(Srivastava et al. 2024) Resizing, Cropping, Grayscale conversion
(Manzoor et al. 2024) Resizing, Flipping, Rotation, Noise addition, Background removal
(Prakash et al. 2024) Resizing, Cropping, Noise reduction, Histogram equalization
(Ali et al. 2023) Resizing, Cropping, Noise reduction, Grayscale conversion
(Zhang et al. 2024) ROI selection, Average spectral value calculation
(Jahangir et al. 2023) Resizing, Cropping, Noise reduction, Histogram equalization
(Paul et al. 2023) Rotation, Scaling
(Li et al. 2024) Mean centering, Multivariate scattering correction, Moving average 

smoothing
(Pandiri et al. 2024) Resizing, Cropping, Noise reduction, Grayscale conversion
(Gupta et al. 2023b) Resizing, Normalization
(Gupta et al. 2023c) Resizing, Cropping, Noise reduction, Zooming
(Rodriguez et al. 2023) Data augmentation with Gaussian Blur
(Mehta et al. 2023b) Resizing, Cropping, Rotation, Noise reduction, Color space conver-

sion
(Kumar and Patel 2023) Median filtering
(Agrawal et al. 2023) Resizing, Normalization
(Sinha et al. 2023) Resizing, Cropping, Noise reduction, Grayscale conversion
(Rohilla and Rai 2023) K-means clustering image segmentation
(Julian and Vignesh 2024) Resizing, Cropping, Noise reduction
(Kumar et al. 2023a) Resizing, Flipping, Rotation, Noise addition
(Badoni et al. 2023) Resizing, Cropping, Noise reduction
(Luong 2024) K-means clustering for segmentation based on color and texture
(Patil and Manohar 2023) Resizing, Cropping, Noise reduction, Histogram equalization
(Sun et al. 2023) Segmentation using GrabCut algorithm
(Singha et al. 2023) Resizing, Normalization
(Joseph et al. 2022) Resizing, Cropping, Noise reduction
(Chaudary et al. 2023) Resizing, Cropping, Noise reduction, Histogram equalization
(Tripathi et al. 2023) Resizing, Cropping, RGB to grayscale
(Rohilla et al. 2024) K-means for image segmentation, GLCM and PCA for feature 

extraction
(Akther et al. 2021) Resizing, Cropping, Normalization
(Zhao et al. 2022) Local enhancement
(Shukla and Sathiya 2022) Image segmentation
(Ghosh et al. 2021) Salient region based segmentation
(Zhang et al. 2021) Multiple scattering correction, Wavelet transform, First-order dif-

ference, Second-order difference
(Baranwal et al. 2022) Resizing, Normalization
(Panshul et al. 2023) Resizing, Cropping, Noise reduction, RGB to grayscale
(Kumar et al. 2023b) Image resizing, Noise reduction, Gaussian blur
(Patil et al. 2022) Resizing, cropping, noise reduction, histogram equalization
(Joseph et al. 2022) Brightness adjustment
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Resizing and cropping techniques were consistently applied across studies to stand-
ardize image dimensions, typically to 224 × 224 or 256 × 256 pixels. This stand-
ardization improved computational efficiency and ensured consistent input sizes for 
CNN models. Studies that implemented noise reduction, such as Gaussian filtering, 
reported improvements in model accuracy by 2–5% compared to using raw images. 
Grayscale conversion, while reducing computational complexity, showed varied 
results depending on the specific disease characteristics, with some studies reporting 
no significant impact on accuracy while others noted a slight decrease in perfor-
mance for diseases where color was a crucial diagnostic feature.

Resizing and Cropping: Most studies, including those by Tika Adilah and Kris-
tiyanti (2023), Srivastava et al. (2024), and Manzoor et al. (2024), use resizing and 
cropping to ensure uniform image dimensions and remove irrelevant background 
information. This standardization is essential for consistent model training and testing.

Noise Reduction: To enhance image clarity, noise reduction is frequently applied. 
Prakash et al. (2024) and Ali et al. (2023) incorporate noise reduction techniques to 
minimize distortions and improve the accuracy of disease detection.

Grayscale Conversion: Converting images to grayscale, as done by Srivastava 
et al. (2024) and Ali et al. (2023), reduces computational complexity by simplify-
ing image data, which can be beneficial for certain types of disease detection where 
color information is less critical.

Rotation and Flipping: These augmentation techniques, used by Tika Adilah and 
Kristiyanti (2023) and Paul et al. (2023), help increase the diversity of training data-
sets, allowing models to become more robust to variations in image orientation.

Noise Addition: Adding noise, as seen in studies by Manzoor et al. (2024) and 
Kumar et al. (2023a, b, c), is another form of augmentation that helps models learn 
to recognize diseases under less-than-ideal conditions.

Histogram Equalization: This technique, used by Prakash et al. (2024) and Jahangir 
et al. (2023), enhances contrast in images, making disease features more distinguishable.

Normalization: Ensuring that image pixel values are standardized across the data-
set, as done by Gupta et al. (2023a, b, c) and Agrawal et al. (2023), is critical for 
consistent model training.

Table 2  (continued)

Paper  Preprocessing techniques

(Krishna and Narayana 2022) Image augmentation, Picture pre-processing, Brightness modifica-
tion, Randomized width adjustment

(Kasani et al. 2023) Resizing, Noise reduction, Grayscale conversion
(Eraj and Uddin 2023) Image segmentation
(Bonik et al. 2023) Resizing, Normalization, Data Augmentation
(Potnuru et al. 2023) Resizing, Flipping, RGB to grayscale, Gaussian blur
(Qi et al. 2022) Resizing, Noise reduction, Background removal
(Kiran Pandiri et al. 2022) Flipping, Rotating, Noise addition, Zooming, Background removal
(Al-Amin et al. 2019) Resizing, Cropping, Noise reduction
(Pandiri et al. 2024) Resizing, Normalization
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Advanced Segmentation Techniques: Methods like K-means clustering and the 
GrabCut algorithm, used by Rohilla and Rai (2023) and Sun et al. (2023), respec-
tively, segment images to isolate regions of interest, such as diseased leaf areas, 
which can improve the focus of the model on relevant features.

Feature Extraction: Techniques such as GLCM (Gray-Level Co-occurrence 
Matrix) and PCA (Principal Component Analysis), employed by Rohilla et  al. 
(2024), help in extracting significant features from images, enhancing the model’s 
ability to detect diseases accurately.

These preprocessing techniques are essential for preparing high-quality, consist-
ent image data, thereby improving the performance and reliability of CNN models 
in disease detection for potato agriculture.

Data Collection Zone

Table 3 shows the data collection zone. The data for CNN-based disease detection 
studies on potato agriculture have been collected from diverse geographical regions. 
This diversity in data sources enhances the robustness and generalizability of the 
models.

India: India is a significant contributor, with numerous studies collecting data 
from various cities such as Hyderabad (Prakash et al. 2024; Sultana and Reza 2023), 
Kolkata (Paul et al. 2024), Guntur (Paul et al. 2023), Mumbai (Gupta et al. 2023a, 
b, c), Noida (Gupta et al. 2023a, b, c), Punjab (Mehta et al. 2023a, b; Jindal et al. 
2022), Bakhtiyarpur (Kumar and Patel 2023), Bhubaneswar (Sinha et  al. 2023), 
Amaravati (Ghosh et al. 2023), Bengaluru (Joseph et al. 2022), Chandigarh (Badoni 
et  al. 2023), and Chennai (Ponnuru and Amasala 2024; Julian and Vignesh 2024; 
Chaudary et al. 2023).

Bangladesh: Several studies have collected data from Bangladesh, including cit-
ies like Dhaka (Bonik et al. 2023) and Sylhet (Islam et al. 2023).

United States: Data has been collected from multiple locations in the United 
States, including New York (Jahangir et  al. 2023; Potnuru et  al. 2023; Patil and 
Manohar 2023), and Orono (Qi et  al. 2022). Additionally, some studies have data 
from both Canada and the United States (Samatha et al. 2023a, b).

China: In China, data collection has taken place in Baoding (Li et al. 2022) and 
Harbin (Sun et al. 2023).

Indonesia: Research in Indonesia has been conducted in cities like Tangerang 
(Tika Adilah and Kristiyanti 2023).

Bangladesh: Data collection efforts in Bangladesh include multiple unspecified 
locations (Luong 2024; Nishad et al. 2023; Sarker et al. 2022; Deb et al. 2020; Al-
Amin et al. 2019).

Ethiopia: Data from Ethiopia has been collected in Holeta (Sinshaw et al. 2021).
Colombia: Some studies also include data from Colombia (Suarez Baron et  al. 

2022).
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Table 3  Data collection zone

Paper Data collected country Data collected city

(Shaheed et al. 2023) Saudi Arabia Riyadh
(Paul et al. 2023) India
(Tika Adilah and Kristiyanti 2023) Indonesia Tangerang
(Manzoor et al. 2024) Denmark Aarhus
(Prakash et al. 2024) India Hyderabad
(Paul et al. 2024) India Kolkata
(Jahangir et al. 2023) United States New York
(Paul et al. 2023) India Guntur
(Wei et al. 2023) China
(Gurusamy et al. 2023) India
(Ponnuru and Amasala 2024) India Chennai
(Gupta et al. 2023b) India Mumbai
(Singh et al. 2024a) India
(Gupta et al. 2023c) India Noida
(Mehta et al. 2023b) India Punjab
(Kumar and Patel 2023) India Bakhtiyarpur
(Sinha et al. 2023) India Bhubaneswar
(Islam et al. 2023) Bangladesh Sylhet
(Julian and Vignesh 2024) India Chennai
(Badoni et al. 2023) India Chandigarh
(Luong 2024) Bangladesh
(Patil and Manohar 2023) USA New York
(Sun et al. 2023) China Harbin
(Abbas et al. 2024) Pakistan
(Nishad et al. 2023) Bangladesh
(Wasalwar et al. 2023) India
(Suciningtyas et al. 2023) Indonesia
(Joseph et al. 2022) India Bengaluru
(Chaudary et al. 2023) India Chennai
(Tripathi et al. 2023) India
(Hasi and Rahman 2023) Bangladesh
(Li et al. 2022) China Baoding
(Ghosh et al. 2023) India Amaravati
(Sarker et al. 2022) Bangladesh
(Sinshaw et al. 2021) Ethiopia Holeta
(Patil et al. 2022) India
(Samatha et al. 2023a) Canada, United States
(Sultana and Reza 2023) India Hyderabad
(Suarez Baron et al. 2022) Colombia
(Eraj and Uddin 2023) Bangladesh
(Bonik et al. 2023) Bangladesh Dhaka
(Potnuru et al. 2023) USA New York
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Pakistan: Data has been collected from Pakistan as well (Abbas et al. 2024).
Saudi Arabia: Data collection efforts in Saudi Arabia have taken place in Riyadh 

(Shaheed et al. 2023).
Denmark: Aarhus in Denmark is also a site for data collection (Manzoor et  al. 

2024).
The broad range of collection sites underscores the global interest and efforts in 

improving disease detection in potato agriculture using CNN-based methods.

Algorithms

Table 4 summarizes the performance of various algorithms employed in the detec-
tion of potato diseases using CNNs. Researchers have utilized a diverse array of 
CNN architectures and other machine learning models to achieve high accuracy and 
robust performance in disease identification.

The selection of prominent algorithms in this study is based on several criteria:

• Frequency of use in the reviewed literature
• Reported performance in terms of accuracy and efficiency

Table 3  (continued)

Paper Data collected country Data collected city

(Qi et al. 2022) United States Orono
(Samatha et al. 2023b) Canada and the United States
(Kiran Pandiri et al. 2022) India Silchar
(Jindal et al. 2022) India Punjab
(Deb et al. 2020) Bangladesh
(Al-Amin et al. 2019) Bangladesh
(Turnip et al. 2020) Indonesia

Also, Fig. 3 shows data collection zone and their numbers. India, Bangladesh, USA, Indonesia are the 
most frequent zones for the dataset

Fig. 3  Data collection zone
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• Versatility across different types of potato disease detection tasks
• Potential for practical implementation in agricultural settings

Algorithms like ResNet, VGG, and MobileNet were frequently chosen due to 
their strong performance in image classification tasks, availability of pre-trained 
models, and adaptability to various computational resources.

Among the notable findings, Umarani and Thirisaa (2024) reported perfect accu-
racy using VGG-16, Inception-v3, and ResNet-50 models, demonstrating the effec-
tiveness of these well-established architectures. Similarly, Tika Adilah and Kristi-
yanti (2023) achieved exceptional results with MobileNetV2, obtaining high scores 
across accuracy, precision, recall, and F1-score metrics. The study by Zhang et al. 
(2024) utilized LSSVM, RF, KNN, and LDA models, achieving outstanding accu-
racy and precision values, highlighting the effectiveness of ensemble and traditional 
machine learning approaches.

In contrast, Gupta et al. (2023a, b, c) utilized Random Forest, emphasizing sim-
pler models but achieved reasonable performance metrics. Furthermore, innovative 
approaches such as federated learning, explored by Mehta et al. (2023a, b), demon-
strated promising results in maintaining data privacy while achieving competitive 
accuracy rates.

The analysis reveals that ResNet, VGG, and MobileNet variants are among the 
most commonly used architectures for potato disease classification. ResNet mod-
els, particularly ResNet-50, consistently showed high accuracy across studies, with 
an average accuracy of 97.5% in disease classification tasks. VGG models, espe-
cially VGG-16 and VGG-19, demonstrated comparable performance with an aver-
age accuracy of 96.8%. MobileNet, while slightly less accurate with an average of 
95.2%, offered significant advantages in terms of computational efficiency, making it 
suitable for deployment on mobile devices or in resource-constrained environments.

The selection criteria for these algorithms often depend on the specific require-
ments of the application:

ResNet is chosen for its ability to train very deep networks effectively, making 
it suitable for complex classification tasks. VGG is selected for its simplicity and 
strong performance in feature extraction. MobileNet is preferred in scenarios where 
model size and inference speed are critical, such as in real-time field applications. 
The trade-off between accuracy and efficiency is a key consideration in algorithm 
selection, with researchers often balancing the need for high accuracy with the prac-
tical constraints of deployment in agricultural settings.

Overall, the utilization of various CNN architectures and machine learning mod-
els underscores the importance of algorithm selection in optimizing disease detec-
tion systems for potato agriculture, balancing between model complexity and perfor-
mance metrics across different datasets and environments.

Hyperparameter Optimization Techniques

Table  5 outlines the diverse approaches employed for hyperparameter optimiza-
tion in studies focused on potato disease detection. Researchers have utilized various 
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optimization techniques to fine-tune the parameters of their models, aiming to enhance 
performance and robustness across different datasets and conditions (Gülmez 2023d).

Singh et  al. (2024a, b) and Tika Adilah and Kristiyanti (2023) utilized grid 
search and random search methods, demonstrating effective strategies for explor-
ing hyperparameter spaces comprehensively. Srivastava et al. (2024) and Manzoor 
et al. (2024) extended their approach by incorporating genetic algorithms alongside 
random and hyperparameter tuning methods, showcasing adaptive strategies for 

Table 5  Hyperparameter optimization

Paper Hyperparameter optimization

(Singh et al. 2024b) Grid search, Random search
(Tika Adilah and Kristiyanti 2023) Grid search, Hyperparameter tuning
(Srivastava et al. 2024) Genetic algorithm, Random search, Hyperparameter tuning
(Manzoor et al. 2024) Genetic algorithm, Hyperparameter tuning
(Prakash et al. 2024) Genetic algorithm, Bayesian optimization
(Ali et al. 2023) Grid search, Bayesian optimization
(Zhang et al. 2024) Learning rate optimization
(Jahangir et al. 2023) Grid search, Bayesian optimization
(Paul et al. 2023) Grid search, Bayesian optimization
(Li et al. 2024) Genetic algorithm
(Pandiri et al. 2024) Whale Optimization Algorithm
(Gupta et al. 2023b) Grid search
(Gupta et al. 2023c) Grid search, Random search
(Mehta et al. 2023b) Grid search, Bayesian optimization
(Agrawal et al. 2023) Grid search, Bayesian optimization
(Sinha et al. 2023) Grid search, Random search
(Julian and Vignesh 2024) Grid search, Bayesian optimization
(Kumar et al. 2023a) Grid search, Random search
(Badoni et al. 2023) Grid search, Bayesian optimization
(Patil and Manohar 2023) Adaptive Shark Smell Optimisation (ASSO)
(Singha et al. 2023) Grid search, Bayesian optimization
(Patil et al. 2024) Modified raindrop optimization (MRDO), Modified shark 

smell optimization (MSSO)
(Joseph et al. 2022) Grid search, Bayesian optimization
(Chaudary et al. 2023) Genetic algorithm, Bayesian optimization
(Patil et al. 2022) Genetic algorithm, Random search, Bayesian optimization
(Eraj and Uddin 2023) Grid search
(Bonik et al. 2023) Grid search, Random search
(Potnuru et al. 2023) Genetic algorithm, Bayesian optimization
(Qi et al. 2022) Grid search
(Kiran Pandiri et al. 2022) Whale Optimization Algorithm (WOA)
(Johnson et al. 2021) Stochastic gradient descent optimizer with momentum
(Pandey et al. 2019) Grid search, Bayesian optimization
(Pandiri et al. 2024) Whale Optimization Algorithm
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optimizing model configurations. Prakash et al. (2024) introduced Bayesian optimi-
zation alongside genetic algorithms, highlighting advanced probabilistic techniques 
in parameter tuning.

Further innovations include Ali et al. (2023) and Zhang et al. (2024), who lever-
aged Bayesian optimization for efficient exploration of hyperparameter landscapes, 
while Jahangir et al. (2023) focused on learning rate optimization to enhance model 
convergence and performance. Gupta et al. (2023a, b, c) and Mehta et al. (2023a, b) 
employed grid search in conjunction with other methods, emphasizing the balance 
between computational efficiency and performance improvement.

Additionally, recent studies like Singha et al. (2023) explored adaptive approaches 
such as Adaptive Shark Smell Optimization (ASSO), while Patil et al. (2024) and 
Joseph et  al. (2022) introduced modified optimization algorithms like Modified 
Raindrop Optimization (MRDO) and Modified Shark Smell Optimization (MSSO), 
respectively, indicating ongoing advancements in optimization strategies tailored for 
specific applications. The selection and integration of hyperparameter optimization 
techniques play a crucial role in optimizing CNN models for potato disease detec-
tion, ensuring optimal performance in real-world agricultural scenarios.

Grid search optimization plays a crucial role in improving CNN performance for 
potato disease detection. This technique systematically works through multiple com-
binations of hyperparameters, training a model for each combination. In the context 
of potato disease detection, grid search has been used to optimize key parameters 
such as learning rate, batch size, and network depth. For example, studies using 
ResNet models reported improvements in accuracy of up to 3% when optimal hyper-
parameters were identified through grid search. This optimization technique helps in 
finding the best model configuration for specific datasets and disease detection tasks, 
ultimately leading to more accurate and reliable disease classification.

Discussion

Challenges

The integration of AI and CNNs in the domain of potato crop disease detection has 
demonstrated significant progress. However, several challenges exist in this field. 
One major obstacle is the necessity for extensive, diverse, and accurately annotated 
datasets for training models (Rashid et al. 2021; Sharma et al. 2022). While numer-
ous studies emphasize the significance of large datasets for achieving high accuracy, 
the creation of such datasets can be laborious and resource-intensive. Additionally, 
the variability in environmental conditions, lighting, and plant morphology presents 
a substantial challenge to the generalization capabilities of the developed models 
(Shaheed et  al. 2023; Sofuoglu and Birant 2024). Ensuring robust performance 
across different geographic locations, climates, and cultivation practices remains 
a crucial hurdle that researchers must comprehensively address (Oppenheim et al. 
2019; Nazir et al. 2023).

Another critical challenge is the requirement for model interpretability and 
explainability in agriculture. Although advanced models exhibit exceptional 
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accuracy, understanding the decision-making process of these models is essen-
tial for establishing trust among farmers, stakeholders, and regulatory bodies (Li 
et al. 2022; Luong 2024). The opaque nature of certain deep learning models may 
impede their widespread adoption. Therefore, researchers must devise methodol-
ogies to interpret model decisions and offer transparent insights into how specific 
features contribute to disease identification (Polder et  al. 2019; Johnson et  al. 
2021).

Moreover, the deployment of AI-driven solutions in resource-limited agricultural 
settings, particularly in developing nations, introduces challenges related to afford-
ability, accessibility, and technical expertise necessary for implementation (Jabbar 
and Koyuncu 2023; Abbas et al. 2024). Ensuring the accessibility of these technolo-
gies to smallholder farmers, who represent a significant portion of the global agri-
cultural workforce, is a critical consideration (Khan et al. 2020; Afzaal et al. 2021).

Ethical considerations, such as data privacy, ownership, and potential biases in 
training data, require careful attention (Satya Rajendra Singh and Sanodiya 2023). 
As AI systems become integral to decision-making in agriculture, addressing these 
ethical aspects is crucial to ensure responsible and equitable implementation (Wei 
et al. 2023).

The dynamic nature of plant diseases and the emergence of new pathogens neces-
sitate continuous adaptation of AI models (Hussain et al. 2020). Ensuring the scal-
ability and adaptability of these models to evolving disease scenarios is essential for 
their long-term effectiveness (Lozada-Portilla et al. 2021; Qi et al. 2023). Overall, 
addressing these challenges is pivotal for realizing the full potential of AI and deep 
learning in transforming potato crop disease detection and contributing to sustain-
able agriculture (Mehta et al. 2023a).

While the review has shown an increasing number of studies using larger data-
sets, the scarcity of comprehensive, diverse, and accurately labeled datasets remains 
a significant challenge. Many studies rely on datasets with limited diversity in terms 
of disease stages, environmental conditions, and potato varieties. This scarcity can 
lead to models that perform well on test sets but struggle with real-world variability. 
Future efforts should focus on collaborative data collection initiatives and the devel-
opment of standardized, publicly available datasets that capture the full spectrum of 
potato diseases across various growing conditions.

Potato diseases can manifest with highly variable symptoms depending on fac-
tors such as disease progression, environmental conditions, and plant genetics. This 
variability poses a significant challenge for CNN models, which may struggle to 
generalize across different symptom presentations. Some studies have attempted to 
address this by incorporating multi-stage disease datasets, but more work is needed 
to develop models that can robustly identify diseases across their full range of visual 
presentations.

The ability of CNN models to generalize across diverse growing conditions, geo-
graphical locations, and potato varieties remains a critical challenge. Models trained 
on data from one region or under specific conditions may not perform well when 
applied to different contexts. This issue is particularly pronounced in the context of 
global agriculture, where growing conditions can vary dramatically. Future research 
should focus on developing transfer learning techniques and domain adaptation 
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methods that can help models generalize more effectively across diverse agricultural 
environments.

Opportunities

The exploration of AI, DL, and CNNs in the domain of potato crop disease detection 
presents a plethora of opportunities that can revolutionize agricultural practices. One 
significant advantage is the potential development of robust decision support sys-
tems for farmers (Duarte-Carvajalino et al. 2018). AI-powered tools can accurately 
and promptly identify plant diseases, allowing farmers to implement targeted inter-
ventions. By combining these technologies with mobile applications, user-friendly 
interfaces can be created to empower farmers, including those with limited techni-
cal expertise, to make informed decisions and improve crop management practices 
(Rashid et al. 2021; Ghosh et al. 2023).

Large-scale monitoring and surveillance are also promising with the use of 
remote sensing technologies and AI. Automated monitoring systems, when coupled 
with AI, can cover extensive agricultural areas, enabling early disease detection, 
preventing widespread outbreaks, and reducing crop losses. Additionally, integrat-
ing AI with unmanned aerial vehicles (UAVs) can offer a cost-effective and efficient 
method of monitoring crops, especially in remote or challenging-to-access regions 
(Kumar and Patel 2023; Abbas et al. 2024).

The rise of precision agriculture is closely tied to AI advancements, providing 
opportunities to optimize resource utilization (Polder et  al. 2019; Sofuoglu and 
Birant 2024). AI algorithms can analyze data from various sources like satellite 
imagery, weather conditions, and soil quality to offer tailored recommendations for 
irrigation, fertilization, and pest control. This not only enhances resource efficiency 
but also promotes sustainable farming practices by reducing environmental impact 
(Johnson et al. 2021; Badoni et al. 2023).

Collaboration among researchers, technology developers, and agricultural stake-
holders can lead to the co-creation of knowledge and solutions (Sakkarvarthi et al. 
2022; Razaq et  al. 2024). Establishing interdisciplinary partnerships can result in 
context-specific models that address the unique challenges faced by different regions 
and crop varieties. Furthermore, open-access platforms and knowledge-sharing ini-
tiatives can expedite the adoption of AI technologies, fostering a collaborative eco-
system for agricultural innovation (Satya Rajendra Singh and Sanodiya 2023; Wei 
et al. 2023).

The emergence of edge computing and the Internet of Things (IoT) provides 
opportunities for real-time disease detection and monitoring (Afzaal et  al. 2021; 
Srivastava et al. 2024). Edge devices equipped with AI capabilities can process data 
locally, decreasing latency and reliance on centralized computing resources. This 
decentralized approach enhances the scalability and accessibility of AI solutions, 
particularly in areas with limited connectivity (Samant et  al. 2023; Shafik et  al. 
2023).

AI-driven innovations extend beyond disease detection to include crop qual-
ity assessment, yield prediction, and the development of resilient crop varieties 
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(Panshul et al. 2023). Agriculture with AI can transition towards data-driven deci-
sion-making, contributing to increased productivity, food security, and sustainabil-
ity. Embracing these opportunities necessitates collaborative efforts from research-
ers, policymakers, and the agricultural community, highlighting the transformative 
potential of AI in shaping the future of potato crop management.

The practical implementation of multi-spectral imaging and remote sensing data 
in potato disease detection presents both opportunities and challenges. In field set-
tings, this integration can be achieved through several approaches:

Drone-based Imaging: Unmanned Aerial Vehicles (UAVs) equipped with multi-
spectral cameras can efficiently cover large field areas. These drones can be pro-
grammed to fly at regular intervals, capturing high-resolution multi-spectral images 
of potato crops. The data collected can be processed on-site or transmitted to cloud-
based systems for analysis using CNN models.

Stationary Sensor Networks: Installing a network of stationary multi-spectral sen-
sors across the field can provide continuous monitoring. These sensors can be con-
nected to a central processing unit or edge computing devices for real-time analysis.

Handheld Devices: For smaller farms or more targeted inspections, handheld 
multi-spectral imaging devices can be developed. These could be smartphone 
attachments or dedicated devices that farmers can use to scan specific plants or areas 
of concern.

Satellite Imagery: For large-scale monitoring, satellite-based remote sensing 
data can be integrated. While lower in resolution compared to drone or ground-
based sensors, satellite imagery can provide valuable data on overall crop health and 
potential disease outbreaks across vast areas.

Data Integration Platforms: Developing software platforms that can integrate data 
from multiple sources (multi-spectral, hyperspectral, RGB images, and other sen-
sor data) is crucial. These platforms should be user-friendly, allowing farmers and 
agronomists to easily access and interpret the processed data.

Edge Computing: Implementing edge computing solutions can help process data 
locally, reducing the need for constant internet connectivity and enabling faster 
response times in disease detection.

The practical implementation of these technologies requires addressing chal-
lenges such as initial setup costs, training for farmers and agricultural workers, and 
ensuring the reliability and accuracy of the systems in various environmental condi-
tions. Collaborative efforts between technology developers, agricultural experts, and 
end-users are essential for successful field implementation.

Future Directions

The exploration of future directions in AI-driven potato disease detection presents a 
roadmap for advancing research and application in this critical domain.

As AI models for potato crop disease detection continue to evolve, a crucial area 
for future exploration is improving their generalization across diverse environmen-
tal conditions and different potato varieties (Duarte-Carvajalino et al. 2018). Robust 
models that can adapt to varying climates, soil types, and cultivation practices will 
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be pivotal in ensuring the widespread applicability of AI-driven solutions in agricul-
ture (Rashid et al. 2021; Ghosh et al. 2023).

Future research should focus on integrating diverse data modalities, such as 
hyperspectral imaging, drone-based surveillance, and environmental sensor data. 
Combining information from these sources can provide a more comprehensive 
understanding of the crop health status. Multi-modal AI models have the potential 
to enhance accuracy and reliability in disease identification by capturing a broader 
spectrum of features related to plant health (Li et  al. 2022; Sofuoglu and Birant 
2024).

Addressing the interpretability of AI models is essential for building trust among 
end-users, especially farmers and agricultural stakeholders (Singh and Yogi 2023; 
Abbas et  al. 2024; Singh et  al. 2024b). Future research directions should empha-
size the development of explainable AI techniques that provide transparent insights 
into the decision-making processes of complex models. This transparency is crucial 
for farmers to understand and trust the recommendations generated by AI systems 
(Chaudary et al. 2023; Wei et al. 2023).

The advancement of AI models for real-time disease monitoring and early warn-
ing systems is a critical direction (Badoni et  al. 2023; Razaq et  al. 2024). Imple-
menting these systems can help farmers take proactive measures to mitigate the 
impact of diseases, thereby minimizing crop losses. Integrating AI with IoT devices 
and edge computing can facilitate on-site, real-time decision-making, particularly in 
remote agricultural areas (Kumar and Patel 2023; Shafik et al. 2023).

With the increasing reliance on AI in agriculture, it is essential to address ethical 
considerations, data privacy, and the socio-economic impact of these technologies 
(Johnson et al. 2021; Shoaib et al. 2022). Future directions should include the devel-
opment of robust policy frameworks and ethical guidelines to ensure the responsi-
ble and equitable deployment of AI in potato crop disease detection. Collaborative 
efforts involving policymakers, researchers, and industry stakeholders are crucial for 
establishing ethical standards and regulatory frameworks (Srivastava et al. 2024).

Engaging farmers and local communities in data collection through crowd-
sourcing and citizen science initiatives presents a promising avenue (Hussain et al. 
2020; Kumar et al. 2023c). Future directions should explore the potential of involv-
ing farmers in the annotation and validation of datasets, fostering a collaborative 
approach to data-driven agriculture. This participatory model can lead to more con-
textually relevant and locally adapted AI solutions (Afzaal et al. 2021; Samant et al. 
2023).

The establishment of open data platforms and collaborative repositories for shar-
ing AI models can accelerate progress in the field (Saleem et al. 2022; Panshul et al. 
2023). Encouraging researchers to openly share datasets and pre-trained models fos-
ters a culture of collaboration and accelerates the development of innovative solu-
tions. Open-source initiatives can also contribute to the democratization of AI in 
agriculture, making advanced technologies more accessible to a wider audience 
(Hassan et al. 2021; Korchagin et al. 2021).

Future research should explore effective ways to integrate AI recommendations 
into the decision-making processes of farmers (Poornima et al. 2023; Qi et al. 2023). 
Understanding the socio-economic context and incorporating farmer knowledge 
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is crucial for the successful adoption of AI technologies. Human-AI collaboration 
frameworks should be designed to empower farmers, providing them with action-
able insights that align with their expertise and preferences (Gupta et al. 2023c).

As climate change poses new challenges to agriculture, future AI research should 
focus on developing models that can adapt to changing environmental conditions 
(Arafath et  al. 2023). This includes the integration of climate data into AI algo-
rithms for more accurate disease prediction and the development of climate-resilient 
crop management strategies (Sree et al. 2023).

Ethical and Social Considerations

The implementation of CNN-based disease detection systems in potato agriculture 
raises important ethical and social considerations. While these technologies have 
the potential to significantly improve crop management and yields, their impact on 
farmers’ livelihoods must be carefully considered. The adoption of AI-driven sys-
tems could potentially widen the technological gap between large-scale industrial 
farms and small-scale farmers who may lack access to or resources for implement-
ing these technologies. It is crucial that the development and deployment of these 
systems are done in a way that is inclusive and considers the needs of all stakehold-
ers in the agricultural sector.

Data privacy is another critical concern, particularly in the context of federated 
learning approaches. While federated learning offers a promising solution for col-
laborative model training without centralizing sensitive data, it still requires care-
ful handling of farmers’ data. Ensuring robust data protection measures, obtain-
ing informed consent, and maintaining transparency in data usage are essential for 
building trust and ethical implementation of these technologies.

Future research and policy development in this field should address these ethi-
cal and social aspects, aiming to create solutions that are not only technologically 
advanced but also socially responsible and equitable.

Regulatory Issues and Compliance

The integration of AI technologies, including CNN-based disease detection systems, 
into agriculture raises important regulatory considerations. Currently, the regulatory 
landscape for AI in agriculture is still evolving, with varying approaches across dif-
ferent countries and regions. Key areas of regulatory focus include:

Data Protection and Privacy: Regulations like the General Data Protection Regu-
lation (GDPR) in the European Union have implications for the collection, storage, 
and use of farm data in AI systems. Compliance with such regulations is crucial for 
the ethical and legal implementation of CNN-based disease detection technologies.

AI Transparency and Explainability: There is a growing emphasis on the need for 
AI systems to be transparent and explainable, especially in critical applications like 
disease detection. Future regulations may require developers to provide clear expla-
nations of how their AI models make decisions.
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Liability and Accountability: As AI systems take on more significant roles 
in agricultural decision-making, questions of liability in case of errors or failures 
become important. Clear regulatory frameworks are needed to define responsibility 
and accountability in the use of AI for crop disease detection.

Standardization and Certification: The development of standards for AI in agri-
culture, including performance benchmarks and safety certifications, is an emerging 
area of focus. Such standards could help ensure the reliability and interoperability of 
CNN-based disease detection systems.

Environmental Impact: Regulations concerning the environmental impact of agri-
cultural practices may also affect the development and deployment of AI technolo-
gies, potentially requiring assessments of how these systems influence resource use 
and sustainability.

As the field of AI in agriculture continues to advance, it is crucial for researchers, 
developers, and policymakers to work collaboratively to establish comprehensive 
and balanced regulatory frameworks. These frameworks should aim to foster inno-
vation while ensuring the responsible and ethical use of AI technologies in potato 
disease detection and broader agricultural applications.

Conclusion

This comprehensive review highlights the transformative role of CNNs in the field 
of disease detection for potato agriculture. The analysis covers key components of 
CNN-based strategies, including dataset selection, preprocessing methodologies, 
data collection zones, and the effectiveness of prominent algorithms such as Goog-
leNet, ResNet, VGG, and MobileNet variants. By meticulously examining these ele-
ments, the review provides a clear understanding of how CNNs can be utilized to 
accurately classify and detect diseases in potato crops.

The review looks into various hyperparameter optimization techniques, including 
grid search, random search, genetic algorithms, and Bayesian optimization, assess-
ing their impact on the performance of CNN models. This analysis is crucial as it 
highlights how fine-tuning these parameters can significantly enhance the accuracy 
and efficiency of disease detection models. The discussion section addresses the 
major challenges in this field, such as the scarcity of comprehensive datasets, vari-
ability in disease symptoms, and the difficulty of generalizing models across differ-
ent environmental conditions.

Opportunities for advancing CNN-based disease detection are also explored in 
depth. Integrating multi-spectral imaging and remote sensing data can provide richer 
and more varied datasets, enhancing model training and performance. The imple-
mentation of federated learning allows for collaborative model training across dif-
ferent locations, which can improve model robustness and generalizability. Future 
research directions propose the development of robust transfer learning techniques, 
enabling models trained on one dataset to perform well on different datasets with 
minimal additional training. Additionally, the deployment of CNNs in real-time 
monitoring systems is suggested for proactive disease management, allowing for 
early intervention and reducing the impact of diseases on potato yields. Also, this 
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review consolidates current knowledge and identifies significant research. Future 
research can develop more effective and efficient CNN-based disease detection 
strategies.

In conclusion, CNNs offer a promising solution for the early and accurate detec-
tion of diseases in potato agriculture. The insights provided by this review can guide 
future research and development efforts, ultimately leading to improved disease 
management practices. By leveraging the power of CNNs, the agricultural sector 
can enhance crop health, increase yields, and ensure the sustainability of potato 
farming. This review not only consolidates existing knowledge but also paves the 
way for future innovations in the field of agricultural disease detection.

Acknowledgements None.

Data Availability No data was used.

Declarations 

Competing Interest None.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permis-
sion directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

Abbas A, Maqsood U, Ur Rehman S et al (2024) An Artificial Intelligence Framework for Disease Detec-
tion in Potato Plants. Eng Technol Appl Sci Res 14:12628–12635. https:// doi. org/ 10. 48084/ etasr. 
6456

Afzaal H, Farooque AA, Schumann AW et al (2021) Detection of a potato disease (Early blight) using 
artificial intelligence. Remote Sens 13:1–17. https:// doi. org/ 10. 3390/ rs130 30411

Agarwal R, Mittal S, Sharma A, Hariharan U (2023) Enhancing Potato Disease Classification with 
Inception V3-Based Deep Learning Model. In: Int. Conf. Electron., Mater. Eng. Nano-Technol., 
IEMENTech. Institute of Electrical and Electronics Engineers Inc

Agrawal A, Fating A, Darvankar M et  al (2023) Potato Leaf Disease Identification with Multi-Stage 
Approach: A Comparative Study. In: IEEE Pune Sect. Int. Conf., PuneCon. Institute of Electrical 
and Electronics Engineers Inc

Akther J, Harun-Or-Roshid M, Nayan A-A, Kibria MG (2021) Transfer learning on VGG16 for the Clas-
sification of Potato Leaves Infected by Blight Diseases. In: Emerg. Technol. Comput., Commun. 
Electron., ETCCE. Institute of Electrical and Electronics Engineers Inc

Al-Amin M, Bushra TA, Hoq MN (2019) Prediction of Potato Disease from Leaves using Deep Convolu-
tion Neural Network towards a Digital Agricultural System. In: Int. Conf. Adv. Sci., Eng. Robot. 
Technol., ICASERT. Institute of Electrical and Electronics Engineers Inc

Ali FB, Deb Mohalder R, Akter R et al (2023) Deep Transfer Learning Technique for Potato Leaf Dis-
eases Classification. In: Int. Conf. Comput. Inf. Technol., ICCIT. Institute of Electrical and Elec-
tronics Engineers Inc

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.48084/etasr.6456
https://doi.org/10.48084/etasr.6456
https://doi.org/10.3390/rs13030411


Potato Research 

Anim-Ayeko AO, Schillaci C, Lipani A (2023) Automatic blight disease detection in potato (Solanum 
tuberosum L.) and tomato (Solanum lycopersicum, L. 1753) plants using deep learning. Smart 
Agricultural Technology 4:100178. https:// doi. org/ 10. 1016/j. atech. 2023. 100178

Arafath M, Nithya AA, Gijwani S (2023) Tomato Leaf Disease Detection Using Deep Convolution Neu-
ral Network. In: Adv. Sci. Technol. Trans Tech Publications Ltd, pp 236–245

Arshaghi A, Ashourian M, Ghabeli L (2023) Potato diseases detection and classification using deep learn-
ing methods. Multimedia Tools Appl 82:5725–5742. https:// doi. org/ 10. 1007/ s11042- 022- 13390-1

Arya S, Singh R (2019) A Comparative Study of CNN and AlexNet for Detection of Disease in Potato 
and Mango leaf. In: IEEE Int. Conf. Issues Challenges Intell. Comput. Techniques, ICICT. Institute 
of Electrical and Electronics Engineers Inc

Badoni P, Kaur G, Ishaq MM, Walia R (2023) Potato Disease Detection through Leafs: Leveraging Deep 
Learning Algorithms for Accurate Diagnosis. In: Int. Conf. Adv. Comput., Commun. Inf. Technol., 
ICAICCIT. Institute of Electrical and Electronics Engineers Inc., pp 181–186

Balakrishnan M, Raja M, Kumar PV et al (2023) Potato Plant Leaf Disease Detection and Recognition 
Using R-CNN Model. In: Proc. - Int. Conf. Pervasive Comput. Soc. Netw., ICPCSN. Institute of 
Electrical and Electronics Engineers Inc., pp 605–609

Baranwal A, Mishra M, Goyal A (2022) Potato Plant Disease Classification Through Deep Learning. In: 
Int. Conf. Mach. Learn., Big Data, Cloud Parallel Comput., COM-IT-CON. Institute of Electrical 
and Electronics Engineers Inc., pp 673–681

Barman U, Sahu D, Barman GG, Das J (2020) Comparative Assessment of Deep Learning to Detect 
the Leaf Diseases of Potato based on Data Augmentation. In: Int. Conf. Comput. Perform. Eval., 
ComPE. Institute of Electrical and Electronics Engineers Inc., pp 682–687

Bonik CC, Akter F, Rashid MH, Sattar A (2023) A Convolutional Neural Network Based Potato Leaf 
Diseases Detection Using Sequential Model. In: Int. Conf. Adv. Technol., ICONAT. Institute of 
Electrical and Electronics Engineers Inc

Chaudary S, Bakshi K, Iniyan S (2023) Potato Plant Disease Detection and Classification for Improved 
Agriculture. In: Int. Conf. Autom., Comput. Renew. Syst., ICACRS - Proc. Institute of Electrical 
and Electronics Engineers Inc., pp 1388–1396

Deb S, Laboni MA, Hena MH (2020) Bangladeshi local potatoes dataset and classification using deep 
learning. In: Proc. Int. Conf. Intell. Sustain. Syst., ICISS. Institute of Electrical and Electronics 
Engineers Inc., pp 672–676

Devaux A, Kromann P, Ortiz O (2014) Potatoes for Sustainable Global Food Security. Potato Res 
57:185–199. https:// doi. org/ 10. 1007/ s11540- 014- 9265-1

Duarte-Carvajalino JM, Alzate DF, Ramirez AA et  al (2018) Evaluating late blight severity in potato 
crops using unmanned aerial vehicles and machine learning algorithms. Remote Sens 10:. https:// 
doi. org/ 10. 3390/ rs101 01513

Eraj SU, Uddin MN (2023) Early stage Potato Disease Classification by analyzing Potato Plants using 
CNN. In: Int. Conf. Next-Gener. Comput., IoT Mach. Learn., NCIM. Institute of Electrical and 
Electronics Engineers Inc

Feng J, Hou B, Yu C et al (2023) Research and Validation of Potato Late Blight Detection Method Based 
on Deep Learning. Agronomy 13:1659. https:// doi. org/ 10. 3390/ agron omy13 061659

Gao W, Xiao Z, Bao T (2023) Detection and Identification of Potato-Typical Diseases Based on Multi-
dimensional Fusion Atrous-CNN and Hyperspectral Data. Appl Sci 13:. https:// doi. org/ 10. 3390/ 
app13 085023

Ghosh S, Rameshan R, Dileep AD (2021) An empirical study on machine learning models for potato 
leaf disease classification using RGB images. ICPRAM - Proc. Int. Conf. Pattern Recognit. Appl. 
Methods. Science and Technology Publications, Lda, pp 515–522

Ghosh H, Rahat IS, Shaik K et al (2023) Potato leaf disease recognition and prediction using Convolu-
tional Neural Networks. Endor Trans Scalable Inf Syst 10:. https:// doi. org/ 10. 4108/ eetsis. 3937

Goyal B, Kumar Pandey A, Kumar R, Gupta M (2023) Disease Detection in Potato Leaves Using an Effi-
cient Deep Learning Model. In: Int. Conf. Data Sci. Netw. Secur., ICDSNS. Institute of Electrical 
and Electronics Engineers Inc

Gülmez B (2022a) Demand forecasting and production planning in a factory with time series analysis. In: 
International Research in Engineering Sciences. Egitim Publishing, Konya, pp 57–74

Gülmez B (2022b) MonkeypoxHybridNet: A hybrid deep convolutional neural network model for mon-
keypox disease detection. In: International Research in Engineering Sciences. Egitim Publishing, 
Konya, pp 49–64

https://doi.org/10.1016/j.atech.2023.100178
https://doi.org/10.1007/s11042-022-13390-1
https://doi.org/10.1007/s11540-014-9265-1
https://doi.org/10.3390/rs10101513
https://doi.org/10.3390/rs10101513
https://doi.org/10.3390/agronomy13061659
https://doi.org/10.3390/app13085023
https://doi.org/10.3390/app13085023
https://doi.org/10.4108/eetsis.3937


 Potato Research

Gülmez B (2023a) A novel deep learning model with the Grey Wolf Optimization algorithm for cotton 
disease detection. J Univers Comput Sci 29:595–626. https:// doi. org/ 10. 3897/ jucs. 94183

Gülmez B (2023b) A novel deep neural network model based Xception and genetic algorithm for detec-
tion of COVID-19 from X-ray images. Ann Oper Res 328:617–641. https:// doi. org/ 10. 1007/ 
s10479- 022- 05151-y

Gülmez B (2023c) Optimizing and comparison of market chain product distribution problem with differ-
ent genetic algorithm versions. Osmaniye Korkut Ata Univ J Inst Sci Technol 6:180–196. https:// 
doi. org/ 10. 47495/ okufb ed. 11172 20

Gülmez B (2023d) Improved discrete queuing search algorithm for traveling salesman problem. In: Inter-
national Research in Engineering Sciences. Egitim Publishing, Konya, pp 31–56

Gülmez B (2023e) Stock price prediction with optimized deep LSTM network with artificial rabbits opti-
mization algorithm. Expert Syst Appl 227:120346. https:// doi. org/ 10. 1016/j. eswa. 2023. 120346

Gülmez B (2024a) A new multi-objective hyperparameter optimization algorithm for COVID-19 detec-
tion from x-ray images. Soft Computing. https:// doi. org/ 10. 1007/ s00500- 024- 09872-z

Gülmez B (2024b) Advancements in rice disease detection through convolutional neural networks: a 
comprehensive review. Heliyon 10:e33328. https:// doi. org/ 10. 1016/j. heliy on. 2024. e33328

Gülmez B, Emmerich M, Fan Y (2024) Multi-objective optimization for green delivery routing problems 
with flexible time windows. Appl Artif Intell 38:2325302. https:// doi. org/ 10. 1080/ 08839 514. 2024. 
23253 02

Gülmez B, Kulluk S (2019) Social spider algorithm for training artificial neural networks. Int J Bus Anal 
(IJBAN) 6:32–49. https:// doi. org/ 10. 4018/ IJBAN. 20191 00103

Gülmez B, Kulluk S (2023) Türkiye’de ikinci el araçların büyük veri ve makine öğrenme teknikleriyle 
analizi ve fiyat tahmini. GUMMFD 38:2279–2290. https:// doi. org/ 10. 17341/ gazim mfd. 980840

Gupta A, Gill R, Srivastava D, Hooda S (2023a) Hybrid CNN & Random Forest Model for Effective 
Potato Leaf Disease Diagnosis. In: IEEE Int. Conf. Electr., Electron., Commun. Comput., ELEX-
COM. Institute of Electrical and Electronics Engineers Inc

Gupta P, Waghela H, Patel S et al (2023b) Potato Plant Disease Classification using Convolution Neural 
Network. In: Proc. Int. Conf. Adv. Comput. Technol. Appl., ICACTA. Institute of Electrical and 
Electronics Engineers Inc

Gupta U, Vijh S, Kumar S et al (2023c) Potato Leaf Disease Detection Using Machine Learning Tech-
niques for Precision Agriculture. In: Proc. IEEE Int. Conf. Image Inf. Process., ICIIP. Institute of 
Electrical and Electronics Engineers Inc., pp 913–918

Gurusamy S, Natarajan B, Bhuvaneswari R, Arvindhan M (2023) Potato plant leaf diseases detection 
and identification using convolutional neural networks. In: Artifi. Intell., Blockchain, Comput. 
Secur. - Proc. Int. Conference on Artif. Intell., Blockchain, Comput. Secur. CRC Press/Balkema, 
pp 160–165

Hampson CP (1976) Nutritional value of potatoes. Nutr Bull 3:299–309. https:// doi. org/ 10. 1111/j. 1467- 
3010. 1976. tb008 00.x

Hartin J, Bennaton R (2023) Benefits of Plants to Humans and Urban Ecosystems. University of Califor-
nia, Agriculture and Natural Resources

Hasi JM, Rahman MO (2023) Potato Disease Detection Using Convolutional Neural Network: A Web 
Based Solution. In: Lect. Notes Inst. Comput. Sci. Soc. Informatics Telecommun. Eng. Springer 
Science and Business Media Deutschland GmbH, pp 35–48

Hassan SM, Jasinski M, Leonowicz Z et  al (2021) Plant disease identification using shallow convolu-
tional neural network. Agronomy 11:. https:// doi. org/ 10. 3390/ agron omy11 122388

Hussain N, Farooque AA, Schumann AW et al (2020) Design and development of a smart variable rate 
sprayer using deep learning. Remote Sens 12:1–17. https:// doi. org/ 10. 3390/ rs122 44091

Islam MMd, Islam A, Habib A (2023) Potato late blight disease detection using convolutional neural net-
work. Int J Inf Commun Technol 23:346–370. https:// doi. org/ 10. 1504/ IJICT. 2023. 134828

Islam F, Hoq MN, Rahman CM (2019) Application of Transfer Learning to Detect Potato Disease from 
Leaf Image. In: IEEE Int. Conf. Robot., Autom., Artif.-Intell. Internet-Things, RAAICON. Insti-
tute of Electrical and Electronics Engineers Inc., pp 127–130

Jabbar AN, Koyuncu H (2023) Deep Learning and Grey Wolf Optimization Technique for Plant Disease 
Detection: A Novel Methodology for Improved Agricultural Health. Trait Signal 40:1961–1972. 
https:// doi. org/ 10. 18280/ ts. 400515

Jafar A, Bibi N, Naqvi RA et al (2024) Revolutionizing agriculture with artificial intelligence: plant dis-
ease detection methods, applications, and their limitations. Front Plant Sci 15:. https:// doi. org/ 10. 
3389/ fpls. 2024. 13562 60

https://doi.org/10.3897/jucs.94183
https://doi.org/10.1007/s10479-022-05151-y
https://doi.org/10.1007/s10479-022-05151-y
https://doi.org/10.47495/okufbed.1117220
https://doi.org/10.47495/okufbed.1117220
https://doi.org/10.1016/j.eswa.2023.120346
https://doi.org/10.1007/s00500-024-09872-z
https://doi.org/10.1016/j.heliyon.2024.e33328
https://doi.org/10.1080/08839514.2024.2325302
https://doi.org/10.1080/08839514.2024.2325302
https://doi.org/10.4018/IJBAN.2019100103
https://doi.org/10.17341/gazimmfd.980840
https://doi.org/10.1111/j.1467-3010.1976.tb00800.x
https://doi.org/10.1111/j.1467-3010.1976.tb00800.x
https://doi.org/10.3390/agronomy11122388
https://doi.org/10.3390/rs12244091
https://doi.org/10.1504/IJICT.2023.134828
https://doi.org/10.18280/ts.400515
https://doi.org/10.3389/fpls.2024.1356260
https://doi.org/10.3389/fpls.2024.1356260


Potato Research 

Jahangir R, Sakib T, Baki R, Hossain MM (2023) A Comparative Analysis of Potato Leaf Disease 
Classification with Big Transfer (BiT) and Vision Transformer (ViT) Models. In: Proc. IEEE 
Int. Women Eng. (WIE) Conf. Electr. Comput. Eng., WIECON-ECE. Institute of Electrical and 
Electronics Engineers Inc., pp 58–63

Jindal V, Nagpal Y, Kukreja V (2022) CNN Implementation for Severity Levels of Potato Blight Dis-
ease. In: Int. Conf. Data Anal. Bus. Ind., ICDABI. Institute of Electrical and Electronics Engi-
neers Inc., pp 438–443

Johnson J, Sharma G, Srinivasan S et  al (2021) Enhanced field-based detection of potato blight in 
complex backgrounds using deep learning. Plant Phenomic 2021:. https:// doi. org/ 10. 34133/ 
2021/ 98357 24

Joseph SG, Ashraf MS, Srivastava AP et al (2022) CNN-based Early Blight and Late Blight Disease 
Detection on Potato Leaves. In: Proc. Int. Conf. Technol. Adv. Comput. Sci., ICTACS. Institute 
of Electrical and Electronics Engineers Inc., pp 923–928

Julian A, Vignesh S (2024) Computational Approaches for Identifying Potato Plant Pathogens. In: 
Proc. - Int. Conf. Comput., Power, Commun. Technol., IC2PCT. Institute of Electrical and Elec-
tronics Engineers Inc., pp 408–412

Kasani K, Yadla S, Rachamalla S et al (2023) Potato Crop Disease Prediction using Deep Learning. 
In: Proc. - IEEE Int. Conf. Commun. Syst. Netw. Technol., CSNT. Institute of Electrical and 
Electronics Engineers Inc., pp 231–235

Khan A, Nawaz U, Ulhaq A, Robinson RW (2020) Real-time plant health assessment via implement-
ing cloud-based scalable transfer learning on AWS DeepLens. PLoS ONE 15:. https:// doi. org/ 
10. 1371/ journ al. pone. 02432 43

Kiran Pandiri DN, Murugan R, Goel T et al (2022) POT-Net: solanum tuberosum (Potato) leaves dis-
eases classification using an optimized deep convolutional neural network. Imag Sci J 70:387–
403. https:// doi. org/ 10. 1080/ 13682 199. 2023. 21699 88

Korchagin SA, Gataullin ST, Osipov AV et al (2021) Development of an optimal algorithm for detect-
ing damaged and diseased potato tubers moving along a conveyor belt using computer vision 
systems. Agronomy 11:. https:// doi. org/ 10. 3390/ agron omy11 101980

Krishna KS, Narayana GVS (2022) Early Blight and Late Blight Disease Prediction using CNN for 
Potato Leaves. In: Int. Conf. Comput. Sci., Eng. Appl., ICCSEA. Institute of Electrical and 
Electronics Engineers Inc

Kristiyanti DA, Adilah TM, Shabrina NH et al (2023) Early Detection of Potato Leaf Pest and Disease 
Using EfficientNet and ConvNeXt Architecture. In: Proc. Int. Conf. New Media Stud., CON-
MEDIA. Institute of Electrical and Electronics Engineers Inc., pp 167–172

Kukreja V, Baliyan A, Salonki V, Kaushal RK (2021) Potato Blight: Deep Learning Model for Binary 
and Multi-Classification. In: Proc. Int. Conf. Signal Process. Integr. Networks, SPIN. Institute 
of Electrical and Electronics Engineers Inc., pp 967–972

Kumar A, Trivedi NK, Tiwari RG (2023a) Disease Identification in Potato Leaves Using a Multi-Tier 
Deep Learning Model. In: Asian Conf. Innov. Technol., ASIANCON. Institute of Electrical and 
Electronics Engineers Inc.

Kumar N, Kumar P, Sharma P, Katarya R (2023b) Exploring Machine Learning and Deep Learning 
Techniques for Potato Disease Detection. In: Smart Innov. Syst. Technol. Springer Science and 
Business Media Deutschland GmbH, pp 459–467

Kumar R, Chug A, Singh AP (2023c) An efficient plant leaf disease detection model using shallow-con-
vnet. Appl Ecol Environ Res 21:3193–3211. https:// doi. org/ 10. 15666/ aeer/ 2104_ 31933 211

Kumar A, Patel VK (2023) Classification and identification of disease in potato leaf using hierarchi-
cal based deep learning convolutional neural network. Multimedia Tools Appl 82:31101–31127. 
https:// doi. org/ 10. 1007/ s11042- 023- 14663-z

Lanjewar MG, Morajkar P, P P, (2024) Modified transfer learning frameworks to identify potato leaf dis-
eases. Multimedia Tools Appl 83:50401–50423. https:// doi. org/ 10. 1007/ s11042- 023- 17610-0

Lee T-Y, Lin I-A, Yu J-Y et al (2021) High Efficiency Disease Detection for Potato Leaf with Convolu-
tional Neural Network. SN COMPUT SCI 2:. https:// doi. org/ 10. 1007/ s42979- 021- 00691-9

Li X-T, Zhang F, Feng J (2024) Convolutional Neural Network Combined With Improved Spectral Pro-
cessing Method for Potato Disease Detection. Guang Pu Xue Yu Guang Pu Fen Xi 44:215–224. 
https:// doi. org/ 10. 3964/j. issn. 1000- 0593(2024) 01- 0215- 10

Li X, Zhou Y, Liu J et al (2022) The Detection Method of Potato Foliage Diseases in Complex Back-
ground Based on Instance Segmentation and Semantic Segmentation. Front Plant Sci 13:. https:// 
doi. org/ 10. 3389/ fpls. 2022. 899754

https://doi.org/10.34133/2021/9835724
https://doi.org/10.34133/2021/9835724
https://doi.org/10.1371/journal.pone.0243243
https://doi.org/10.1371/journal.pone.0243243
https://doi.org/10.1080/13682199.2023.2169988
https://doi.org/10.3390/agronomy11101980
https://doi.org/10.15666/aeer/2104_31933211
https://doi.org/10.1007/s11042-023-14663-z
https://doi.org/10.1007/s11042-023-17610-0
https://doi.org/10.1007/s42979-021-00691-9
https://doi.org/10.3964/j.issn.1000-0593(2024)01-0215-10
https://doi.org/10.3389/fpls.2022.899754
https://doi.org/10.3389/fpls.2022.899754


 Potato Research

Liu F, Xiao Z (2020) Disease Spots Identification of Potato Leaves in Hyperspectral Based on Locally 
Adaptive 1D-CNN. In: Proc. IEEE Int. Conf. Artif. Intell. Comput. Appl., ICAICA. Institute of 
Electrical and Electronics Engineers Inc., pp 355–358

Lozada-Portilla WA, Suarez-Barón MJ, Avendaño-Fernández E (2021) Application of convolutional neu-
ral networks for detection of the late blight Phytophthora infestans in potato Solanum tuberosum. 
Revista Actual Divulgacion Cient 24:. https:// doi. org/ 10. 31910/ rudca. v24. n2. 2021. 1917

Luong HH (2024) Improving Potato Diseases Classification Based on Custom ConvNeXtSmall and Com-
bine with the Explanation Model. Intl J Adv Comput Sci Appl 15:1206–1219. https:// doi. org/ 10. 
14569/ IJACSA. 2024. 01504 121

Manzoor S, Manzoor SH, Islam SU, Boudjadar J (2024) AgriScanNet-18: A Robust Multilayer CNN for 
Identification of Potato Plant Diseases. In: Lect. Notes Networks Syst. Springer Science and Busi-
ness Media Deutschland GmbH, pp 291–308

Marino S, Beauseroy P, Smolarz A (2019) Weakly-supervised learning approach for potato defects seg-
mentation. Eng Appl Artif Intell 85:337–346. https:// doi. org/ 10. 1016/j. engap pai. 2019. 06. 024

Mehta H, Gupta RK, Jain A et  al (2023a) AI-Based Plant Disease Detection and Classification Using 
Pretrained Models. In: Artificial Intelligence Tools and Technologies for Smart Farming and Agri-
culture Practices. IGI Global, pp 219–232

Mehta S, Kukreja V, Sharma V, Aeri M (2023b) Cutting-edge Analysis of Sweet Potato Leaf Diseases: 
Leveraging Federated Learning and CNNs for Severity Evaluation. In: Int. Conf. Comput. Com-
mun. Netw. Technol., ICCCNT. Institute of Electrical and Electronics Engineers Inc

Muthuraja M, Shanthi N, Manimaran V et al (2023) An Explainable Approach for Detecting Potato Leaf 
Disease Using Ensemble Model. In: Proc. - Int. Conf. Ubiquitous Comput. Intell. Inf. Syst., ICUIS. 
Institute of Electrical and Electronics Engineers Inc., pp 70–76

Nadeem MW, Goh HG, Ali A et al (2020) Bone Age Assessment Empowered with Deep Learning: A 
Survey, Open Research Challenges and Future Directions. Diagnostics 10:781. https:// doi. org/ 10. 
3390/ diagn ostic s1010 0781

Nartova-Bochaver SK, Mukhortova EA, Irkhin BD (2020) Interaction with the Plant World as a Source of 
Positive Human Functioning. Counseling Psychology and Psychotherapy 28:151–169. https:// doi. 
org/ 10. 17759/ cpp. 20202 80209

Nazir T, Iqbal MM, Jabbar S et  al (2023) EfficientPNet—An Optimized and Efficient Deep Learning 
Approach for Classifying Disease of Potato Plant Leaves. Agric 13:. https:// doi. org/ 10. 3390/ agric 
ultur e1304 0841

Nishad MAR, Mitu MA, Jahan N (2023) Potato Leaf Disease Classification Using K-means Cluster Seg-
mentation and Effective Deep Learning Networks. In: Lect. Notes Networks Syst. Springer Science 
and Business Media Deutschland GmbH, pp 35–45

Oppenheim D, Shani G, Erlich O, Tsror L (2019) Using deep learning for image-based potato tuber dis-
ease detection. Phytopathology 109:1083–1087. https:// doi. org/ 10. 1094/ PHYTO- 08- 18- 0288-R

Pandey N, Kumar S, Pandey R (2019) Commun. Comput. Info. Sci. Grading and defect detection in pota-
toes using deep learning. Springer Verlag, pp 329–339

Pandiri DNK, Murugan R, Goel T (2024) Whale-optimized convolutional neural network for potato 
fungal pathogens disease classification. In: Handb. of Whale Optimization Algorithm: Variants, 
Hybrids, Improvements, and Applications. Academic Press, pp 477–485

Panferov VG, Safenkova IV, Byzova NA et  al (2018) Silver-enhanced lateral flow immunoassay for 
highly-sensitive detection of potato leafroll virus. Food Hydrocolloids 29:445–457. https:// doi. org/ 
10. 1080/ 09540 105. 2017. 14010 44

Panshul GS, Pushadapu D, Reddy GEKK et al (2023) DeepTuber: Sequential CNN-based Disease Detec-
tion in Potato Plants for Enhanced Crop Management. In: Proc. Int. Conf. Inventive Res. Comput. 
Appl., ICIRCA. Institute of Electrical and Electronics Engineers Inc., pp 380–386

Paria A, Roy S, Chanda PB, Jha DK (2024) Identification and Multi-classification of Several Potato Plant 
Leave Diseases Using Deep Learning. In: Commun. Comput. Info. Sci. Springer Science and Busi-
ness Media Deutschland GmbH, pp 288–300

Patil MA, Manohar M (2023) Potato Leaf Disease Identification using Hybrid Deep Learning Model. 
In: Int. Conf. Netw., Multimed. Inf. Technol., NMITCON. Institute of Electrical and Electronics 
Engineers Inc

Patil SS, Diwate RB, Devkar AL et al (2022) Tri-Plant Leaf Disease for Bell Paper, Tomato and Potato 
Classification Using CNN. In: Int. Conf. Emerg. Smart Comput. Informatics, ESCI. Institute of 
Electrical and Electronics Engineers Inc

https://doi.org/10.31910/rudca.v24.n2.2021.1917
https://doi.org/10.14569/IJACSA.2024.01504121
https://doi.org/10.14569/IJACSA.2024.01504121
https://doi.org/10.1016/j.engappai.2019.06.024
https://doi.org/10.3390/diagnostics10100781
https://doi.org/10.3390/diagnostics10100781
https://doi.org/10.17759/cpp.2020280209
https://doi.org/10.17759/cpp.2020280209
https://doi.org/10.3390/agriculture13040841
https://doi.org/10.3390/agriculture13040841
https://doi.org/10.1094/PHYTO-08-18-0288-R
https://doi.org/10.1080/09540105.2017.1401044
https://doi.org/10.1080/09540105.2017.1401044


Potato Research 

Patil MA, Manohar M, Laxuman C et al (2024) Hybrid Deep Learning-Based Potato and Tomato Leaf 
Disease Classification. In: Lect. Notes Networks Syst. Springer Science and Business Media 
Deutschland GmbH, pp 157–174

Paul H, Ghatak S, Chakraborty S et  al (2024) A study and comparison of deep learning based potato 
leaf disease detection and classification techniques using explainable AI. Multimedia Tools Appl 
83:42485–42518. https:// doi. org/ 10. 1007/ s11042- 023- 17235-3

Paul A, Jain B, Saranya G (2023) A Novel Framework for Potato Leaf Disease Detection Using Deep 
Learning Model. In: Int. Conf. Comput. Commun. Netw. Technol., ICCCNT. Institute of Electrical 
and Electronics Engineers Inc

Polder G, Blok PM, de Villiers HAC et al (2019) Potato virus Y detection in seed potatoes using deep 
learning on hyperspectral images. Front Plant Sci 10:. https:// doi. org/ 10. 3389/ fpls. 2019. 00209

Ponnuru MDS, Amasala L (2024) Revolutionizing Potato Farming: A CNN-Powered Approach for Early 
Blight and Late Blight Detection to Ensure Global Food Security. In: IEEE Int. Students’ Conf. 
Electr., Electron. Comput. Sci., SCEECS. Institute of Electrical and Electronics Engineers Inc

Poornima S, Sripriya N, Alrasheedi AF et  al (2023) Hybrid Convolutional Neural Network for Plant 
Diseases Prediction. Intell Autom Soft Comp 36:2393–2409. https:// doi. org/ 10. 32604/ iasc. 2023. 
024820

Potnuru RD, Yalamanchili S, Portigadda L et al (2023) Machine Learning based Potato Leaves Disease 
Detection. In: Int. Conf. Innov. Data Commun. Technol. Appl., ICIDCA - Proc. Institute of Electri-
cal and Electronics Engineers Inc., pp 176–180

Prakash VB, Shirisha D, Reddy GS et al (2024) Classification of Disease in Potato Leaves using Deep 
Learning Approach. In: Int. Conf. Cogn. Robot. Intell. Syst., ICC - ROBINS. Institute of Electrical 
and Electronics Engineers Inc., pp 115–119

Qi C, Sandroni M, Cairo Westergaard J et al (2023) In-field classification of the asymptomatic biotrophic 
phase of potato late blight based on deep learning and proximal hyperspectral imaging. Comput 
Electron Agric 205:107585. https:// doi. org/ 10. 1016/j. compag. 2022. 107585

Qi H, Lin Z, Zhu Y et al (2022) Classifying early blight and late blight of potato based on convolution 
neural network. Appl Eng Agric 38:817–829. https:// doi. org/ 10. 13031/ aea. 13732

Rashid J, Khan I, Ali G et al (2021) Multi-level deep learning model for potato leaf disease recognition. 
Electronics (Switzerland) 10:. https:// doi. org/ 10. 3390/ elect ronic s1017 2064

Rathore N, Rajavat A (2024) Precision Agriculture for Sustainability: Use of Smart Sensors, Actuators, 
and Decision Support Systems. Smart Farming Based On Iot-Edge Computing: Applying Machine 
Learning Models For Disease And Irrigation Water Requirement Prediction In Potato Crop Using 
Containerized Microservices. Apple Academic Press, pp 399–424

Razaq F, Bilal M, Ramzan M et  al (2024) Computer-Aided Potato Disease Detection by Using Deep 
Learning Techniques. In: Lect. Notes Electr. Eng. Springer Science and Business Media 
Deutschland GmbH, pp 349–362

Rodriguez JLR, Rodriguez JMR, Sanchez JMP et  al (2023) Potato Leaf Disease Detection: Compara-
tive Study of the Performance of CNN Architectures - VGG19, ResNet50 and DenseNet201. In: 
ICSPIS - Proc. Int. Conf. Signal Process. Intell. Syst. Institute of Electrical and Electronics Engi-
neers Inc

Rohilla N, Rai M, Dhull A (2024) Exploring OMFA-CNN for Potato Leaf Disease Identification: An 
Assessment against Existing Models. Internat J Intel Syst Appl Eng 12:209–221

Rohilla N, Rai M (2023) Optimized Matrix Feature Analysis – Convolutional Neural Network (OMFA-
CNN) Model for Potato Leaf Diseases Detection System. Int J Recent Innov Trend Comput Com-
mun 11:222–238. https:// doi. org/ 10. 17762/ ijrit cc. v11i7s. 6995

Sakkarvarthi G, Sathianesan GW, Murugan VS et al (2022) Detection and Classification of Tomato Crop 
Disease Using Convolutional Neural Network. Electronics (switzerland) 11:3618. https:// doi. org/ 
10. 3390/ elect ronic s1121 3618

Saleem MH, Potgieter J, Arif KM (2022) A weight optimization-based transfer learning approach for 
plant disease detection of New Zealand vegetables. Front Plant Sci 13. https:// doi. org/ 10. 3389/ fpls. 
2022. 10080 79

Samant D, Dhawan R, Mishra AK et al (2023) Potato Leaf Disease Detection Using Deep Learning. In: 
Proc. - IEEE World Conf. Appl. Intell. Comput., AIC. Institute of Electrical and Electronics Engi-
neers Inc., pp 752–757

Samatha B, Kumar GR, Rao PA et al (2023a) IoT-Enabled Potato Diseases Prediction using Deep Learn-
ing. In: Int. Conf. Innov. Data Commun. Technol. Appl., ICIDCA - Proc. Institute of Electrical and 
Electronics Engineers Inc., pp 878–883

https://doi.org/10.1007/s11042-023-17235-3
https://doi.org/10.3389/fpls.2019.00209
https://doi.org/10.32604/iasc.2023.024820
https://doi.org/10.32604/iasc.2023.024820
https://doi.org/10.1016/j.compag.2022.107585
https://doi.org/10.13031/aea.13732
https://doi.org/10.3390/electronics10172064
https://doi.org/10.17762/ijritcc.v11i7s.6995
https://doi.org/10.3390/electronics11213618
https://doi.org/10.3390/electronics11213618
https://doi.org/10.3389/fpls.2022.1008079
https://doi.org/10.3389/fpls.2022.1008079


 Potato Research

Samatha B, Rao DK, Syamsundararao T et al (2023b) Classification of potato diseases using deep learn-
ing apprach. In: Proc. Int. Conf. Intell. Innov. Technol. Comput., Electr. Electron., ICIITCEE. Insti-
tute of Electrical and Electronics Engineers Inc., pp 508–513

Sarker MRKR, Borsha NA, Sefatullah M et  al (2022) A Deep Transfer Learning-Based Approach to 
Detect Potato Leaf Disease at an Earlier Stage. In: Int. Conf. Adv. Electr., Comput., Commun. Sus-
tain. Technol., ICAECT. Institute of Electrical and Electronics Engineers Inc.

Satya Rajendra Singh R, Sanodiya RK (2023) Zero-Shot Transfer Learning Framework for Plant Leaf Dis-
ease Classification. IEEE Access 11:143861–143880. https:// doi. org/ 10. 1109/ ACCESS. 2023. 33437 59

Shafik W, Tufail A, Namoun A et al (2023) A Systematic Literature Review on Plant Disease Detection: 
Motivations, Classification Techniques, Datasets, Challenges, and Future Trends. IEEE Access 
11:59174–59203. https:// doi. org/ 10. 1109/ ACCESS. 2023. 32847 60

Shaheed K, Qureshi I, Abbas F et al (2023) EfficientRMT-Net—An efficient ResNet-50 and vision trans-
formers approach for classifying potato plant leaf diseases. Sensors 23. https:// doi. org/ 10. 3390/ 
s2323 9516

Sharma R, Singh A, Jhanjhi NZ et al (2022) Plant disease diagnosis and image classification using deep 
learning. Comput Mater Continua 71:2125–2140. https:// doi. org/ 10. 32604/ cmc. 2022. 020017

Shoaib M, Shah B, Hussain T et al (2022) A deep learning-based model for plant lesion segmentation, 
subtype identification, and survival probability estimation. Front Plant Sci 13. https:// doi. org/ 10. 
3389/ fpls. 2022. 10955 47

Shukla PK, Sathiya S (2022) Early Detection of Potato Leaf Diseases using Convolutional Neural Net-
work with Web Application. In: Proc. - IEEE World Conf. Appl. Intell. Comput., AIC. Institute of 
Electrical and Electronics Engineers Inc., pp 277–282

Singh I, Jaiswal A, Sachdeva N (2024a) Comparative Analysis of Deep Learning Models for Potato Leaf 
Disease Detection. In: Proc. Int. Conf. Cloud Comput., Data Sci. Eng., Conflu. Institute of Electri-
cal and Electronics Engineers Inc., pp 421–425

Singh MK, Kumar J, Vishwakarma S et al (2024b) Identification of Potato Leaves Diseases Using CNN 
with Transfer Learning. In: Int. Conf. Disruptive Technol., ICDT. Institute of Electrical and Elec-
tronics Engineers Inc., pp 6–10

Singh G, Yogi KK (2023) Comparison of RSNET model with existing models for potato leaf disease 
detection. Biocatal Agric Biotechnol 50:102726. https:// doi. org/ 10. 1016/j. bcab. 2023. 102726

Singha A, Hossain Moon MS, Roy Dipta S (2023) An End-to-End Deep Learning Method for Potato 
Blight Disease Classification Using CNN. In: Int. Conf. Comput. Intell., Networks Secur., ICCINS. 
Institute of Electrical and Electronics Engineers Inc.

Sinha S, Sinha AR, Ghose C et al (2023) Automated Detection of Potato Plant Diseases using Machine 
Learning Algorithms. In: Int. Conf. Recent Adv. Sci. Eng. Technol., ICRASET. Institute of Electri-
cal and Electronics Engineers Inc.

Sinshaw NT, Assefa BG, Mohapatra SK, Beyene AM (2022) Applications of Computer Vision on Auto-
matic Potato Plant Disease Detection: A Systematic Literature Review. Comput Intell Neurosci 
2022:7186687. https:// doi. org/ 10. 1155/ 2022/ 71866 87

Sinshaw NT, Assefa BG, Mohapatra SK (2021) Transfer Learning and Data Augmentation Based CNN 
Model for Potato Late Blight Disease Detection. In: Int. Conf. Inf. Commun. Technol. Dev. Africa, 
ICT4DA. Institute of Electrical and Electronics Engineers Inc., pp 30–35

Sofuoglu CI, Birant D (2024) Potato Plant Leaf Disease Detection Using Deep Learning Method. Tarim 
Bilimleri Dergisi 30:153–165. https:// doi. org/ 10. 15832/ ankut bd. 12767 22

Sree RS, Niranjan Kumar SK, Meera S et al (2023) Remote Plant Disease Diagnosis. In: Intell. Comput. 
Control Eng. Bus. Syst., ICCEBS. Institute of Electrical and Electronics Engineers Inc.

Srivastava A, Saini PK, Kumar K et al (2024) Potato Leaf Disease Detection Using Dense Net-CNN. In: 
Int. Conf. Intell. Data Commun. Technol. Internet Things, IDCIoT. Institute of Electrical and Elec-
tronics Engineers Inc., pp 648–653

Suarez Baron MJ, Gomez AL, Diaz JEE (2022) Supervised Learning-Based Image Classification for the 
Detection of Late Blight in Potato Crops. Appl Sci 12:. https:// doi. org/ 10. 3390/ app12 189371

Suciningtyas L, Alfatikarani R, Alan MBF et al (2023) Activation Function Comparison on Potato Leaf 
Disease Classification Performance. In: Int. Conf. Vocat. Educ. Electr. Eng.: Integr. Scalable Digit. 
Connect., Intell. Syst., Green Technol. Educ. Sustain. Community Dev., ICVEE - Proceeding. 
Institute of Electrical and Electronics Engineers Inc., pp 310–314

Sultana T, Reza M (2023) Identification of Potato Leaf Diseases Using Hybrid Convolution Neural Net-
work with Support Vector Machine. In: Commun. Comput. Info. Sci. Springer Science and Busi-
ness Media Deutschland GmbH, pp 350–361

https://doi.org/10.1109/ACCESS.2023.3343759
https://doi.org/10.1109/ACCESS.2023.3284760
https://doi.org/10.3390/s23239516
https://doi.org/10.3390/s23239516
https://doi.org/10.32604/cmc.2022.020017
https://doi.org/10.3389/fpls.2022.1095547
https://doi.org/10.3389/fpls.2022.1095547
https://doi.org/10.1016/j.bcab.2023.102726
https://doi.org/10.1155/2022/7186687
https://doi.org/10.15832/ankutbd.1276722
https://doi.org/10.3390/app12189371


Potato Research 

Sun J, Bi Z, Niu L, Fan G (2023) Study of Transformer Model based on ConvNeXt Network for Identi-
fication of Potato Leaf Diseases. In: Proc. - Int. Conf. Adv. Electr. Eng. Comput. Appl., AEECA. 
Institute of Electrical and Electronics Engineers Inc., pp 664–673

Tika Adilah M, Kristiyanti DA (2023) Implementation of transfer learning mobilenetv2 architecture for 
identification of potato leaf disease. J Theor Appl Inf Technol 101:6273–6285

Tolessa ES (2018) Importance, Nutrient content and Factors Affecting Nutrient content of Potato
Tripathi B, Srivastava N, Tiwari AK (2023) Quatemion CNN-Based Diagnosis of Potato Leaf Diseases 

in India: Enhancing Accuracy and Reducing Crop Production Costs. In: Proc. - Int. Conf. Technol. 
Adv. Comput. Sci., ICTACS. Institute of Electrical and Electronics Engineers Inc., pp 1526–1530

Turnip M, Indra E, Sitanggang D et  al (2020) Potato Leaf Disease Detection Using Image Processing 
with Transfer Learning. Internetworking Indones J 12:25–29

Umarani V, Thirisaa S (2024) Analysis of Pre-Trained CNN Models for Pepper and Potato Leaf Dis-
ease Prediction. In: Int. Conf. Emerg. Smart Comput. Informatics, ESCI. Institute of Electrical and 
Electronics Engineers Inc.

Upadhyay N, Gupta N (2023) Potato Leaves Disease Detection with Data Augmentation Using Deep 
Learning Approach. In: Lect. Notes Networks Syst. Springer Science and Business Media 
Deutschland GmbH, pp 589–599

Verma R, Mishra R, Gupta P, Trivedi S (2023) CNN based Leaves Disease Detection in Potato Plant. In: 
Int. Conf. Inf. Syst. Comput. Networks, ISCON. Institute of Electrical and Electronics Engineers 
Inc.

Wasalwar YP, Bagga KS, Joshi VK, Joshi A (2023) Int. Conf. Emerg. Trends Eng. Technol., ICETET. 
Potato Leaf Disease Classification using Convolutional Neural Networks. IEEE Computer Society, 
pp 1–5

Wei Q, Zheng Y, Chen Z et al (2023) Nondestructive perception of potato quality in actual online produc-
tion based on cross-modal technology. Int J Agric Biol Eng 16:280–290. https:// doi. org/ 10. 25165/j. 
ijabe. 20231 606. 8076

Yang S, Feng Q, Zhang J et al (2020) Identification Method for Potato Disease Based on Deep Learning 
and Composite Dictionary. Nongye Jixie Xuebao 51:22–29. https:// doi. org/ 10. 6041/j. issn. 1000- 
1298. 2020. 07. 003

Zhang F, Wang W-X, Wang C-S et al (2024) Study on Hyperspectral Detection of Potato Dry Rot in Gley 
Stage Based on Convolutional Neural Network. Guang Pu Xue Yu Guang Pu Fen Xi 44:480–489. 
https:// doi. org/ 10. 3964/j. issn. 1000- 0593(2024) 02- 0480- 10

Zhang F, Li X, Qiu S et al (2021) Proc. - Int. Symp. Comput. Inf. Process. Technol., ISCIPT. Hyperspec-
tral imaging combined with convolutional neural network for outdoor detection of potato diseases. 
Institute of Electrical and Electronics Engineers Inc, pp 846–850

Zhao Y, Zhao H, Jiang Y et al (2022) Detection method of potato leaf diseases based on deep learning. J 
Chin Agric Mech 43:183–189. https:// doi. org/ 10. 13733/j. jcam. issn. 2095- 5553. 2022. 10. 026

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

https://doi.org/10.25165/j.ijabe.20231606.8076
https://doi.org/10.25165/j.ijabe.20231606.8076
https://doi.org/10.6041/j.issn.1000-1298.2020.07.003
https://doi.org/10.6041/j.issn.1000-1298.2020.07.003
https://doi.org/10.3964/j.issn.1000-0593(2024)02-0480-10
https://doi.org/10.13733/j.jcam.issn.2095-5553.2022.10.026

	A Comprehensive Review of Convolutional Neural Networks based Disease Detection Strategies in Potato Agriculture
	Abstract
	Introduction
	Common Preprocessing Methodologies
	Image Resizing and Cropping
	Noise Reduction
	Data Augmentation
	Normalization

	Convolutional Neural Networks
	Literature Review
	Dataset Analysis
	Data Preprocessing Analysis
	Data Collection Zone
	Algorithms
	Hyperparameter Optimization Techniques

	Discussion
	Challenges
	Opportunities
	Future Directions
	Ethical and Social Considerations
	Regulatory Issues and Compliance

	Conclusion
	Acknowledgements 
	References


