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Abstract: Early and accurate disease detection in medicinal plants is critical to ensure the quality, efficacy, and safety of herbal-based medicines. Machine learning (ML) and deep learning (DL) approaches have transformed plant disease diagnostics, enabling automated, scalable, and highly accurate diagnosis of leaf diseases. This review provides a comprehensive analysis of ML and DL methods. Further, it explores traditional feature extraction methods such as GLCM, LBP, and HOG, alongside modern end-to-end learning strategies that eliminate manual preprocessing. To bridge the gap among algorithmic research and real-world deployment, this review emphasizes hardware acceleration techniques, with a focus on FPGA-based architectures. Model optimization techniques like pruning, quantization, and knowledge distillation are discussed to enable low-power, real-time inference suitable for edge applications. By integrating software intelligence with hardware efficiency, this review outlines current trends and future directions for building real-time, scalable, and low-power disease detection systems tailored for medicinal plant monitoring.
Keywords: Medicinal Plants, Plant Disease Detection, Machine Learning, Deep Learning, Convolutional Neural Networks (CNN), FPGA Implementation.
I. INTRODUCTION
Today, detecting leaf diseases in medicinal plants is critical for guaranteeing the quality and safety of herbal medicine production, as well as serving as the primary source of treatment for a wide range of disorders and issues that allopathy cannot adequately address [1]. These can be used to treat a variety of disorders, such as rheumatoid arthritis, joint pain, respiratory ailments, cardiac problems, excretory problems, and fertility issues [2][3]. In recent years, every country has attempted to modernize its agricultural techniques in numerous ways to boost overall production as well as sustainability [4]. Similar to food crops, medicinal plants are also vulnerable to attacks by bacteria, fungi, viruses, and other microorganisms, which not only alter their natural structure but also degrade the concentration of bioactive compounds essential for therapeutic applications. In severe cases, such infections can lead to complete loss of plant material or compromised medicinal efficacy [5]. These plant diseases pose long-term challenges to sustainable herbal farming, significantly affecting yield quality, pharmacological safety, and environmental balance [6]. Unlike conventional crops, medicinal plants often require higher purity standards, making early and accurate disease detection crucial for preserving their medicinal value and complying with regulatory requirements.
In the field of agriculture, Artificial Intelligence (AI) and ML have developed as transformative technologies. These approaches have enabled industries to address challenges related to plant disease diagnosis with greater speed and accuracy [7]. In the context of medicinal plants, ML algorithms are being increasingly utilized to analyze leaf images and detect subtle disease patterns that may compromise the therapeutic quality of these plants [8]. Support Vector Machines (SVM), Random Forests (RF), and Neural Networks [9] have shown promising results for diagnosing diseases from medicinal plant leaf images [10]. Beyond disease detection, AI-based tools also facilitate the prediction of disease outbreaks, optimization of agrochemical use, and continuous health monitoring of medicinal crops [11]. These intelligent systems offer decision-support capabilities, enabling farmers and cultivators of medicinal herbs to take timely actions, thereby reducing yield loss and ensuring the integrity of medicinal compounds [12].
The current plant disease model frequently encounters difficulties such as high computing cost, limited processing speed, and a lack of real-time capacity [13]. To overcome this problem, the system employs the high processing competencies of the FPGA platform, together with modern ML methods [14]. The need for FPGA hardware-level performance and parallel processing capabilities makes them essential for real time, low power medical plant disease diagnostics [15]. They are perfect for field applications where energy, speed, and adaptability are crucial since they allow for the quick and lightweight deployment of AI models at the edge [16]. These drawbacks are offset by the FPGA's high-speed parallelism, low power consumption, and online reconstruction. FPGAs show potential as a hardware solution for machine learning requirements at the processor edge. For example, real time image processing and other latency-sensitive inference applications are well suited to FPGAs [17]. Therefore, using an FPGA to accelerate the machine learning algorithm was a good choice [18]. 
II. REVIEW OBJECTIVE AND MOTIVATION
Accurate and prompt diagnosis has become crucial since plant diseases have a substantial impact on productivity and quality, particularly for medicinal plants, where disease can impair pharmacological activity. Traditional diagnostic methods are often labor-intensive, time-consuming, as well as inappropriate for large-scale implementation. To overcome these limitations, hardware-accelerated machine learning offers a hopeful solution by enabling faster processing, lower power consumption, and improved inference accuracy. Standard image processing and software-based AI solutions are inefficient and require large computer resources, making them unsuitable for use in remote agricultural fields.  In contrast, Field-Programmable Gate Arrays (FPGAs) provide a viable alternative, due to their ability to support parallel computation, reconfigurability, and low-power operation, making them ideal for real-time, edge-based medicinal plant disease detection. The increased demand for sustainable and intelligent agricultural methods has motivated researchers and engineers to create specialized AI models optimized for FPGA systems. Under this transformative shift towards smart farming, particularly in rural and resource-constrained settings, FPGA-based AI models are becoming a key enabler for energy-efficient, scalable, and robust plant disease monitoring systems.
· To analyse different ML and DL methods (e.g., SVM, KNN, Random Forest, CNN, ResNet, and VGG) that are used to identify and classify leaf diseases in medicinal plants. 
· To determine the key issues that affect the feature extraction and classification accuracy, including background noise, lighting variance, and inter-species leaf similarities. 
· To review FPGA based real time system detection and classification for medicinal plant leaf disease. 
· To evaluate the advantages of FPGA platforms, such as low power consumption, re-configurability, and parallel processing capabilities, enable an edge-level diagnostic solution that can be deployed in the field.  
· To investigate optimization techniques for FPGA based plant disease detection system that increase productivity and lower the use of resources. 
The following subsections are organized as follows: Section 2: Review objective and motivation of medicinal plant leaf disease detection. Section 3: Review methodology, research queries, and searching strategy of medicinal leaf diseases detection. In Section 4: discussion of medicinal plant leaf disease. Section 5: Discussion of Machine learning, deep learning, and FPGA-based medicinal leaf diseases detection. Section 6: performance merits of the review model. Section 7: Evaluation performance of medicinal plant leaf disease. Section 8: Challenges and future scope of leaf disease detection review. Finally, Section 9: System review conclusion.     
IV. RESEARCH QUERIES
This study mainly aims to best answer the following questions:
Q1. How may a framework for classifying plant diseases based on FPGA incorporate explainability and transparency?
Q2. How do CNNs compare to traditional classifiers (e.g., KNN, SVM) in plant disease detection? 
Q3. How might FPGA technology be used to detect leaf diseases in medicinal plants in real time?
Q4. Which AI models and optimization strategies, like quantization and pruning, are most suited for FPGA based implementation?
Q5. What difficulties arise when using an AI model to identify medicinal plant diseases in settings with limited resources?
Q6. When creating AI accelerators, what are the best approaches to guarantee scalability and adaption across many plant species and disease types?
Q7. What metrics are most appropriate for evaluating medicinal plant disease diagnostic models?
Q8. Which freely accessible datasets are especially devoted to leaf diseases of medicinal plants?
III. MEDICINAL PLANTS LEAF DISEASE
India has a diverse climate and a rich history of herbal medicine, particularly through systems such as Ayurveda, Siddha, and Unani. Some of the widely known medicinal plants found in India are as follows: Neem is used for its antibacterial and antifungal properties, Aloe vera was well-known for its anti-inflammatory, skin-soothing and healthy assets, Tulsi is used to increase the immunity, Ashwagandha was well-known for its stress relieving and rejuvenating effects, Amla is used for its antioxidant properties, Giloy is used to boost immunity. Figure 1 illustrates Sample images for medicinal plant disease.




   
(a) Aloe Vera      (b) Neem       (c) Tulsi     (d) Bhumi Amla




   
(e) Kalmegh   (f) Mint   (g) Malabar nut     (h) Amla
Fig.1: Sample images for medicinal plants
Medicinal plant diseases affect all parts of the plant, comprising the leaves, stems, roots, flowers, and fruits. Infections in other regions, including root rot, stem wilt, or fruit blight, also affect plant health and therapeutic value, but leaf diseases are most frequently investigated because of their obvious signs, like spots and discoloration. This research focuses only on medicinal leaf disease. Figure 2 illustrates some of the names of leaf diseases like powdery mildew, downy mildew, leaf blight, rust, bacterial leaf spot, fungus, and Alternaria leaf spot. 




   
(a) Powdery mild  (b) Downy mildew (c) leaf blight (d)Rust


 
(e) Bacterial leaf spot    (f) Alternaria leaf spot
Fig.2: Sample images for medicinal plant leaf disease
V. MEDICINAL PLANT LEAF DISEASE DETECTION FLOW
Medicinal plant leaf disease diagnosis is the process of identifying as well as diagnosing illnesses that damage medicinal plants' leaves by analyzing visual symptoms using image processing and ML methods. 
The starting point in the diagram is the collection of leaf images from both healthy plants and plants with diseases. Image pre-processing, the initial stage of image processing, consists of backdrop removal, cropping, scaling, and noise reduction to increase image quality and serve as the subject of analysis. The second phase in the process is feature extraction, in which useful structures are removed from the healthy and diseased images after being pre-processed. These structures can comprise color (e.g., RGB or HSV values), texture, and shape, with the features often presented with graphs or other statistical plots. Finally, features are employed in the classification phase, where ML or DL models classify the leaves (healthy or diseased) and the existence of a particular disease and its type. This type of structured pipeline technique results in accurate and automated plant disease diagnostic procedures, which can be useful in smart agricultural land-based monitoring systems.
A. Data collection and processing 
The first process is data collection processes developing accurate and robust medicinal plant disease detection. The collected datasets should include both healthy and diseased across multiple plant species and disease types to ensure model generalizability. To guarantee appropriate annotation, the majority of research involves the labelling and classification of the photographs by professional botanists or agricultural professionals. Data is frequently categorized according to the type, severity, and affected plant portion of the illness. There are more publicly available datasets; however, there are no standardized datasets for medicinal plants. Additionally, many research programs use unique datasets. Data augmentation methods, including rotation, flipping, scaling, as well as brightness alteration, are used to increase the amount and diversity of datasets. The pre-processing techniques like resizing, noise removal, and colour normalization are crucial to prepare the data for training DL models. 
The BDMediLeaves dataset, which included 2,029 pictures and 10 classes, was used by Islam et al. [19]. It contains specified divides for validation (406), testing (222), and training. Hajam et al. [20] used the Mendeley medical leaf dataset with 30 classes and 1,835 images, but no segmentation details were provided. Malik et al. [21] used two datasets with detailed splits for all three phases: UBD Botanical Garden (106 classes, 2,097 photos) and PlantCLEF 2015 (1,000 classes, 23,708 filtered images). The training/test/validation separation details are not specified in the unique medicinal plant leaf dataset developed by Rao et al. [22], which included 3,777 pictures and 30 species. The PlantDisease59 dataset, which included 58 classes and 61,459 pictures with distinct train (2250), test (150), and validation (100) samples, was used by Pandian et al. [23]. Again, split specifics are not provided; however, Roopashree, S. et al. [24] and Yasin et al. [25] employed custom medicinal leaf datasets with 10 classes, respectively.
B. Feature extraction 
Feature extraction includes the morphological features of the leaf image. These features typically include colour, texture, shape, and contour information, which reflect visible signs such as discoloration, lesions, or disfigurement caused by disease. The feature extraction is divided into three types like traditional feature extraction, deep feature extraction, and hybrid feature extraction. Color histograms, local binary patterns (LBP), gray level co-occurrence matrix (GLCM), as well as edge detection algorithms like Sobel and Canny are examples of handcrafted techniques used in traditional feature extraction methods. Existing plant disease classification networks often use mutation network architectures in computer vision, comprising AlexNet, VGGNet, ResNet, InceptionV4, DenseNets, MobileNet, and SqueezeNet are examples of deep feature extraction. Hybrid feature extraction is a combination of traditional and deep features. 
Sharma et al. [26] developed color, shape, and texture features such as color histograms, GLCM, and LBP for medicinal plant image analysis. Additionally, they used region-based and block-based techniques (like HOG) to extract intricate leaf patterns. Javidan et al. [27] employed color (RGB, hue, saturation), texture (GLCM, LBP, entropy), and shape (area, perimeter, circularity) features for detecting plant disease. Several deep feature extraction techniques have been applied for extracting higher order features, which generally have higher accuracy than lower order features. Kani et al. [28] suggested a deep feature extraction method based on ResNet18 for detecting leaf disease. 
Imran Lubis et al. [29] extracted the texture features from medicinal plants leaf patterns employing the Gray Level Co-occurrence Matrix (GLCM). Boi M. Quach et al. [30] utilized a feature extraction method for the leaf recognition task using CNN, like RGB, HSV, and HSL for extracting cell features, while texture features are derived from the GLCM method. Furthermore, B.R. Pushpa et al. [31] presented a hierarchical machine learning approach for categorizing plant species in Indian medicinal plants. Priya and others [32] adopted an ML method for the classification of plant species through leaf vein morphometric features. By converting photographs to grayscale, they were able to recover color information and texture features using the Inverse Difference Moment, a statistical metric derived from the GLCM methodology. The method allows for differential identification of plant species using vein structure and vein texture. 
C. Machine learning based medicinal leaf disease detection and classification
This review paper collects and synthesizes available research findings in the relevant area and aims to develop a holistic understanding of current trends, issues, and future directions. Classification is an important step in identifying diseases in medicinal plants because it allows for categorizing medicinal leaf images as healthy or sick. ML algorithms like SVM, K-Nearest Neighbors (KNN), decision trees (DT), and RF are among the categorization strategies. These classifiers are frequently employed in conjunction with manually produced structures such as texture, color, as well as shape descriptors, and they have been applied to basic binary or multi-class classification tasks. However, their effectiveness may be reduced due to complex image patterns, variations in lighting, and overlapping symptoms between diseases. 
Samreen Naeem et al. [33] presented an ML-based classification of medicinal plant leaves using multispectral and digital images. In this study, applying robust pre-processing, feature extraction, and Chi-square based feature selection, the implemented system achieves high accuracy and the best performance of classification. The overall accuracy of 99.01%, the multilayer perceptron (MLP) outperformed the other five classifiers. Across all six plant species, the model consistently displayed high classification accuracy, indicating its reliability in recognizing medicinal plants in real world disease applications. Jadhav et al. [34] developed a machine learning image recognition model to identify Centella Asiatica leaves disease. This model achieves high accuracy. B.R. Pushpa et al. [35] highlighted the importance of including spiral features in a hierarchical machine learning approach for classifying Indian medicinal plant species. This system has 13,536 photos of 100 different plant species in a self-generated database. The specific plant species contained in every group are forecast employing an RF classifier. 
Shastri et al. [36] introduced an ML-based approach to classify medicinal plant leaves, such as RF and KNN. The study uses the RF and KNN to categorize the plants, concentrating on a few susceptible species. Kaur et al. [37] presented a Tulsi leaves disease detection system based on ML techniques. This study use of ML techniques such as support vector machine (SVM) and histogram of oriented gradients (HOG) to identify basil leaves, attained an accuracy of 96.714%. Manjot Kaur et al. [38] developed an Ocimum tenuiflorum infection classification employing an ML prediction model. Random Forest outperformed all the other classifiers used in this investigation attained an accuracy of 99.86%. Rohini et al. [39] presented a mint leaves a fresh, dry and deteriorated dataset for machine learning and position analysis applications.
D. Deep learning based medicinal leaf disease detection and classification 
Balafas and co-authors [40] employed transfer learning (TL) in CNNs like ResNet50, MobileNetV2, and AlexNet for detecting diseases on plants, based on those plants visual symptoms; achieving, in most of their studies, high accuracy with the potential for precision agriculture. Perlas et al. [41] introduced a DL framework that employed a VGG16 CNN architecture to identify disease in Ocimum basilicum (basil) leaves. Mostafa et al. [42] developed a DCNN-based system to classify these diseased Psidium guajava (guava) medicinal plant leaves. Santhosh et al. [43] developed a Cycle-Gan and CNN vision transformer model to classify the curcuma longa (turmeric). Lavika Goel et al. [44] developed a DL based random forest classifier to classify the village plants. Chowdhury et al. [45] developed a leaf disease detection employing DL methods. This system utilizes a CNN named EfficientNet. Finally, the EfficientNet employed segmented images to attain a 99.89% accuracy rate for ten class classification. They perform well in the classification of illnesses when trained using deep networks on segmentation images. Mekala et al. [46] developed a CNN algorithm based leaf disease detection. The implemented system consists of two main processes, such as the GUL application and DL techniques. CNN used the PlantVillage dataset to categorize ailments and provide remedies for sick leaves. This dataset contains healthy as well as diseased leaves. The implemented CNN system achieves an accuracy of 96%. 
Ariful Hassan et al. [47] employed deep learning techniques to create a system that can recognize pictures of medicinal plant leaves. This technique was created to recognize eleven medicinal plants using photographs of their leaves. MobileNet deep CNN architecture uses four evaluation criteria taken from the confusion matrix to ensure optimal performance. Govindaprabhu et al. [48] introduced a DL based traditional medicinal plant leaf detection. This system used a hybrid genetic algorithm with the watershed method (HGAW) for exact leaf image detection. The deep neural network that integrates EfficientNet creates an ensemble model, providing practitioners with a way to use AI to digitize and preserve traditional medical information. Siam et al. [49] employed DL to recognize, classify, or detect diseases of turmeric leaves. In this model for deep learning with and without data augmentation, CNN TL models InceptionV3 and VGG16 are used. The CNN with data augmentation proved to be the most effective model, with 90% accuracy and accurately predicting almost all test images. Vidya et al. [50] suggested a few-shot learning model called TWFSL-MM (Two-Way Five-Shot Learning with Meta-learning and Metric-learning) that can classify Azadirachta indica (Neem) leaf disease using a few sample data.; Thanh Le et al. [51] presented a hybrid model based on both CNN as well as RNN used to classify the tomato plants.
E. FPGA accelerator for medicinal plant 
FPGAs have received increasing attention for use in real-time plant disease diagnosis systems because of their programmable nature, low power consumption, and parallel processing capabilities. To meet the stringent requirements of agricultural field environments, especially for medical plant disease diagnosis, it is essential to improve FPGA-based implementations. Important optimization tactics include model compression methods like pruning and scaling, which lessen computational load and memory consumption, enabling deep learning models to run on hardware with constrained resources. Additionally, loop pipelining and parallelization are used at the hardware design level, especially in convolutional layers, to speed up operations.    
Raghukumar et al. [52] developed a KNN algorithm on the Xilinx ZedBoard using tailored IP cores, AXI-Lite interfacing, and pipelining. The system achieves 88.3% accuracy and low power (0.106 W); however, it was limited to only three classes, having support in hardware. Perumal et al. [53] presented data augmentation, freezing layers, and hyperparameter adjustment to construct a CNN model using the PYNQ Z2 FPGA. The system achieved improvements in accuracy and the F1 score; however, its generalization was limited due to the controlled datasets. Saidani et al. [54] developed a D-CNN algorithm on the XC7Z020 board using hardware implementation. This system achieves a LUT of 6.9%, power of 2.485, and frequency of 120Mkz. Linsangan et al. [55] introduced an Altera DE1-SoC board implemented using hardware; the system achieves an accuracy of 88.68%. Longer development time is one of the limitations in this review paper. Luo et al. [56] developed a ZYNQ Z7-Lite 7020 board that achieves an accuracy of 95.71%, speed of 0.071s, and power consumption of 2.41W. Adebisi et al. [57] implemented an Xilinx UltraScale+MPSoC ZCU104 board that achieves a power consumption of 3.333W, a clock frequency of 100 MHz, and a LUT of 0.20% for hardware implementation.
VI. CHALLENGES AND FUTURE SCOPE
· Although research has advanced in AI-based plant disease identification, little research discusses the use of FPGA-based artificial intelligence accelerators in real-time applications for medicinal plants. Typically, hardware design complexity prohibits the utilization of hardware in truly integrated agricultural systems.
· Although ML and DL methods have been used to detect plant disease, very little research has been done on incorporating them into real-time systems. Contrary to standard literature, real-world deployments require the model to converge smoothly while preserving inference speed and accuracy.
· It is difficult to design new FPGA architectures that are low-power and high-performance, as these three criteria - speed, power consumption, and hardware - are interrelated optimization criteria. It requires expert knowledge in both AI and hardware systems to optimize performance.
· Most of the literature does not adequately evaluate the efficiency, scalability, or generalizability of FPGA-based systems across different plant species and disease types associated with medicinal plants. Many of the studies seem to emphasise only particular plant species, so there is a limited understanding of how these designs generalize given generic environmental and crop conditions.
A. Future scope
This review highlights the increasing trend of using hardware learning accelerated based techniques to detect illnesses in medicinal plant leaves. This review focuses on a hardware efficient accelerator for plant disease classification rather than standard hardware learning accelerators. It emphasizes methods that use arithmetic units designed for resource-constrained situations and efficient computing architectures to prioritize speed and accuracy. In summary, it will describe an array of lightweight accelerators that focus on optimizing detection quality while minimizing hardware resources, which is crucial for real-time and low-power applications. Additionally, the research looks into accelerator architecture that may be configured to respond to different plant species and disease types, providing flexibility in deployment and application. This alternative offers a more practical embedded solution than one that requires hours of work for use in agriculture. As this trend and research advances on medicinal plants and agricultural diseases, theoretical plant disease diagnosis methods are giving way to reusable, scalable, and energy-efficient methods. 
VII. CONCLUSION
The paper has examined the literature on medicinal plant leaf disease detection employing artificial intelligence, ML, and FPGA-based systems. The findings show an increase in research focused on achieving real-time, low-power, accurate detection of difficulties involving medicinal plant species. This review evaluated several feature extraction methods, classification models, and artificial intelligence optimizations for hardware platforms to improve performance in the area of medicinal plant disease detection. This research highlighted the close link between deep learning and efficient hardware implementations to address limited datasets, species diversity, and variability in environmental conditions of the medicinal plant disease detection area. 
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