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Abstract
Precise flower classification is essential in botanical research, agricultural diagnostics, and biodiversity monitoring, as accurate species identification underpins ecological sustainability and informed decision-making. This study rigorously evaluates the utilization of data mining techniques in flower classification, specifically contrasting conventional algorithms like decision trees, K-means clustering, and support vector machines with contemporary deep learning methods, particularly convolutional neural networks (CNNs) augmented by transfer learning and hybrid feature strategies. A systematic literature review examined peer-reviewed research published from 2020 to 2025. The results indicate that although conventional data mining models provide computational efficiency and interpretability, they frequently exhibit suboptimal performance on high-dimensional image datasets. CNN-based architectures consistently exhibit enhanced accuracy, robustness, and scalability, especially when integrated with data augmentation and optimization methods. Nonetheless, significant limitations persist, including constrained generalizability across varying environmental conditions, insufficient explainability, and difficulties in real-time implementation. This review enhances theoretical understanding and practical implementation by examining the progression of flower classification methodologies and suggesting future research avenues that emphasize balanced models integrating performance, transparency, and adaptability in field applications.
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A. Introduction 
The categorization of flower species presents a continual challenge in computer science, especially in processing and pattern recognition[1]. Flower exhibits significant intra-class variability and nuanced inter-class distinctions, rendering manual classification laborious, subjective, and susceptible to inaccuracies [2].  Conventional taxonomic methods encounter difficulty scaling with extensive datasets, particularly when the visual differentiation between species is negligible[3].  In this context, data mining techniques have become effective solutions for automating the classification process by uncovering concealed patterns, associations, and structural similarities within floral data [4].
 Notwithstanding their potential, existing data mining methodologies continue to face significant constraints.  A significant concern is the generalization gap[5], as models trained on structured datasets frequently exhibit subpar performance when utilized on diverse and unstructured real-world flower images [6].  Moreover, classification accuracy may diminish when the dataset is imbalanced, deficient in feature diversity, or contaminated by noise.  These challenges emphasize the necessity for resilient[7], scalable, and interpretable data mining frameworks capable of adapting to fluctuating data conditions without reliance on substantial computational resources or extensive training[8].
Blooming Insights seeks to rectify these deficiencies by utilizing a blend of supervised and unsupervised data mining algorithms, such as support vector machines (SVM)[9], decision trees, and clustering, to enhance the accuracy of flower classification[10].  This study will assess these techniques utilizing publicly accessible datasets, including Oxford 102 and YNU Flower, emphasizing classification accuracy[11]robustness under varying input conditions, and interpretability of the outcomes. This research advances the creation of effective, practical classification instruments based on data mining, underscoring its significance in addressing intricate pattern recognition issues in computer science [12].
This paper is structured into five principal sections. Section A (Background Theory) presents the basic principles of classifying techniques and data mining practices pertinent to flower recognition. Section B (Literature Review) presents an in-depth overview of recent research carried out between the years 2020 and 2025, on diverse models, datasets, and performance measures. Section C (Discussions & Comparison) compares and identifies the strengths, weaknesses, and contributions of the reviewed methods. Section D (Recommendations & Future Area) suggests future areas of research for increased precision, scalability, and real-world utility. Finally, Section E (Conclusion) summarizes the major conclusions and emphasizes the far-reaching implications of flower classification with the help of data mining methods.
B. Background Theory
        Classification entails modeling the concealed structure of botanical characteristics using optimized[12], theoretically sound algorithms. Decision trees, support vector machines (SVM), k-nearest neighbors (k-NN), and fundamental data mining principles facilitate extracting significant patterns from floral datasets[13]. 
Feature extraction is a fundamental component of classification theory. It pertains to converting unprocessed observations (such as floral images or measurements) into organized[14]Informative variables that improve class differentiation. The objective is to enhance inter-class variability while reducing intra-class discrepancies [15]. From a theoretical perspective, effective features diminish the complexity of the classification task and adhere to the statistical learning principle of employing sufficient statistics to retain decision-relevant information. The efficacy of data mining techniques depends on the systematic identification, selection, and refinement of features[16].
Decision trees operate by recursively dividing the feature space into progressively homogeneous subgroups[17]. At each node, the algorithm chooses a feature and a threshold to optimize separation, frequently employing impurity metrics such as entropy or the Gini index [18]. This divide-and-conquer methodology generates a piecewise constant approximation of the target function. Theoretical foundations are based on information theory and combinatorial optimization[19]. Decision trees are comprehensible and computationally efficient[20]; however, they are susceptible to overfitting. This perspective is alleviated through pruning techniques and complexity regulation, which are underpinned by learning theory [21]. The outcome is a collection of hierarchical decision rules that closely correspond with human reasoning, serving as a valuable resource in fields such as botanical classification, where interpretability is crucial.
Support Vector Machines (SVMs) are based on statistical learning theory, specifically the structural risk minimization principle[22]. The fundamental concept is to identify a hyperplane that optimizes the margin, the separation between the boundary and the closest data points of each class [23]. Maximizing the margin offers theoretical assurances regarding generalization efficacy. Support Vector Machines (SVMs) address a convex optimization problem, guaranteeing a singular and globally optimal solution. As supported by Mercer's theorem[24], kernel functions facilitate the management of non-linear separations by implicitly transforming data into higher-dimensional spaces. Support Vector Machines (SVMs) are adept at handling high-dimensional data and provide resilience against overfitting via regularization techniques[25]. This outlook renders them exceptionally dependable in botanical classification tasks involving overlapping or subtly distinct species[26].
The k-Nearest Neighbors (k-NN) algorithm is a non-parametric, instance-based method for classification[27]. It functions on the principle of local similarity: an observation is categorized according to the predominant label of its nearest neighbors in the feature space[28]. The theoretical strength of k-NN resides in its convergence characteristics; under specific conditions, its error rate converges to the optimal Bayes error as the dataset expands. Nonetheless, k-NN is prone to high variance and is sensitive to extraneous or irrelevant features. In high-dimensional contexts, prevalent in image or morphological data, distances become less informative, a phenomenon referred to as the "curse of dimensionality[29] These constraints can be mitigated through dimensionality reduction or feature weighting, by the data mining objective of pattern enhancement and noise attenuation.
Data mining is a comprehensive framework integrating feature extraction, pattern discovery, and classification into a unified process[30].  Data mining, in theory, integrates statistics, algorithm design, and database systems to identify patterns that are valid, novel, useful, and comprehensible [31].  Flower classification entails model fitting, optimal feature selection, dimensionality reduction, and pattern identification within species variation[32].  The fundamental theoretical principles encompass the bias-variance tradeoff, regulation of overfitting via regularization, and the generalization of knowledge from noisy or incomplete data.  Data mining prioritizes iterative model enhancement via methodologies like cross-validation and model selection[33].  Significantly, it includes post-classification analysis, facilitating understanding of the challenges in distinguishing certain species and how to improve accuracy through the refinement of training data or the extraction of new attributes[29].  Data mining connects raw data with actionable biological insights, converting statistical classification into a significant knowledge discovery process[34].
In summary, each classification method embodies a distinct theoretical perspective: decision trees organize data via logical segmentation[35]; SVMs enhance margin-based differentiation; k-NN depends on proximity-based reasoning; and data mining offers a systematic framework to extract, refine, and elucidate patterns[36].  These methodologies collectively embody contemporary pattern recognition's core principles: harmonizing generalization, interpretability, and computational efficiency. theoretical foundation in data mining guarantees that classification is precise but also elucidative, scalable, and informed by biological principles[37].  Integrating learning theory and mining strategy renders flower classification a substantial knowledge discovery endeavor, rather than a mere technical prediction task[38].
C. Literature Review 
Giraddi et al. (2020) [39] Examined flower classification through deep learning models, specifically emphasizing the fine-tuning of the VGG16 architecture.  The dataset utilized from Kaggle comprised 4,326 images categorized into five flower classes: Daisy, Dandelion, Rose, Sunflower, and Tulip.  Following preprocessing and augmentation, the VGG16 model underwent fine-tuning via transfer learning, resulting in a validation accuracy of 97.67% and a testing accuracy of 95.00%.  The research compared the efficacy of the fine-tuned model against a baseline VGG16 and a custom CNN, underscoring the fine-tuned model's superiority in accuracy and generalization.
Alweshah et al. (2020) [40]displayed a hybrid classification model that combines the Flower Pollination Algorithm (FPA) and a Probabilistic Neural Network (PNN) to improve classification accuracy and convergence rate.  The method addresses the PNN's recognized weight adjustment flaws and enhances weight optimization via FPA.  Eleven benchmark datasets, including speech, credit, and medical data, were tested. The proposed FPA-PNN model beat other conventional classifiers and conventional PNN in most circumstances.  On some datasets (four classes, for instance), the model's accuracy reached 100%, and statistical analysis verified that the performance increases were noteworthy.
Kranthi Kumar et al. (2022) [41] Investigated a cloud-based methodology for flower image classification utilizing Amazon Rekognition, a deep learning service provided by AWS.  The research employed the Oxford 10 Flower Dataset and implemented various techniques, such as feature scaling, fusion, and segmentation, to enhance classification accuracy.  Their pipeline encompassed data annotation, model training, and evaluation utilizing Amazon Rekognition’s custom labelling features, resulting in elevated classification confidence.  The findings indicated that CNN-derived features surpassed conventional handcrafted features, particularly when background information was preserved in the images.  The study determined that cloud services can enhance model scalability and accuracy, while acknowledging constraints in segmentation quality and real-time performance.
Sun et al. (2021) [42] Provided an innovative four-dimensional deep learning methodology for assessing the quality of fresh-cut flowers utilizing RGB and depth (RGBD) image data.  The research utilized four CNN architectures: VGG16, ResNet18, MobileNetV2, and InceptionV3, adapted to process RGBD inputs for the classification of maturation status.  The enhanced InceptionV3 model attained a peak classification accuracy of 98.44% using 640 images of Diana Roses across five maturity levels, surpassing conventional machine learning models (such as SVM, KNN, RF) and standard CNNs that utilized solely RGB data.  The findings indicated that incorporating depth information enhanced model performance and resilience.  This method provides a viable solution for the intelligent grading of flower quality and establishes a basis for industrial applications. 
Ayu Anjani et al. (2021)[43] Constructed a CNN-based classification system to distinguish between three rose flower species: Burgundy, Osiana, and Damascus.  The model was trained on 150 RGB images (32×32 pixels), utilizing a network architecture comprising four convolutional layers, pooling layers, dropout, and a fully connected softmax output layer.  Their optimal model attained 96.66% accuracy on the test set and 100% on the training set, demonstrating exceptional performance with negligible overfitting.  Numerous model parameters, including input dimensions, dropout rates, and neuron quantities, were adjusted to enhance accuracy and minimize loss.  The research indicated that lightweight CNN architectures can proficiently classify roses and facilitate automated flower sales systems. 
Alipour et al. (2021)[44] Introduced a flower classification system utilizing DenseNet121, a deep convolutional neural network architecture refined through transfer learning.  The model was trained on the Oxford 102 Flower Dataset, attaining 98.6% accuracy over 50 epochs with normalized 224×224 RGB images.  Their preprocessing involved resizing and normalization, retraining solely the DenseNet model classifier layer in PyTorch utilizing SGD optimization.  The study demonstrated enhanced performance relative to other CNN-based methods such as Inception-v3 and AlexNet, emphasizing DenseNet's efficacy owing to its dense layer connectivity and diminished parameter redundancy.  The method exhibited exceptional precision (98.3%) and recall (98%) for practical flower classification applications. 
Wang (2022) [45]Introduced a flower classification model utilizing transfer learning with VGG16, trained on a dataset comprising five flower classes (Daisy, Dandelion, Rose, Sunflower, Tulip) consisting of 3,670 images. The research employed grid coverage data augmentation to increase the dataset to 22,020 images, improving generalization while maintaining essential visual attributes. Two optimization strategies, Adam and RAdam, were evaluated, with the fine-tuned VGG16 model (Scheme B) attaining the highest accuracy of 89.1% using RAdam. A comparative analysis revealed that unfreezing particular layers enhanced classification performance and training efficiency. The method exhibits efficacy in small-scale datasets characterized by visual similarity among classes. 
Suwitono and Kaunang (2022)[46] Utilized the Convolutional Neural Network (CNN) algorithm in conjunction with the SEMMA data mining model for the multi-class classification of leaves from nine fruit-bearing tree species.  The researchers tested four CNN models, adjusting epochs (50, 100) and batch sizes (15, 30), to assess the impact of these parameters on model efficacy.  The dataset, obtained from PlantaeK and Plant Leaves, was preprocessed and resized to 252×168 pixels.  The optimal model, employing a batch size of 30 and 100 epochs, attained 98% validation accuracy, 98% precision and recall, and a minimal loss of 0.0537, illustrating the efficacy of systematic modeling and parameter optimization in image-based plant classification.
Duman and Süzen (2022)[47] Assessed the efficacy of several deep learning models, including MobileNetV2, DenseNet169, ResNet152V2, InceptionV3, and InceptionResNetV2, for flower image classification through transfer learning.  The models were evaluated on Oxford-17 and a proprietary 5-class flower dataset, employing both Adam and SGD optimizers in the experiments.  The results indicated that DenseNet169 with Adam attained the highest accuracy of 93.24% on the 5-class dataset, whereas MobileNetV2 with SGD reached 95.59% on the Oxford-17 dataset.  The study elucidated the performance variability based on model architecture, optimizer selection, and dataset complexity, underscoring DenseNet's robustness and MobileNet's efficiency.
Fei et al. (2023) [48] Introduced a lightweight flower classification model named Opti-SA, which is based on ShuffleNet V2 and incorporates an attention mechanism (ECANet). They evaluated it on RGB and RGB+depth (3C and 4C) flower datasets. The model attained an accuracy of 98.891% on the 3C dataset and 99.915% on the 4C dataset, utilizing merely 434 rose flower images with comprehensive data augmentation, and classified each flower in a mere 0.02 seconds, surpassing traditional networks such as AlexNet, DenseNet121, and MobileNetV3 in both speed and precision. The model's design prioritizes real-time implementation in industrial flower grading systems. The findings validate that attention-enhanced lightweight networks can attain high accuracy while remaining resource-efficient and ready for deployment.
Pratiwi et al. (2024) [49] Developed a CNN-based deep learning model for the classification of flower species utilizing two datasets: Oxford17 (1,360 images, 17 classes) and Oxford102 (8,189 images, 102 classes). The model underwent standard preprocessing procedures, including resizing, augmentation, and labeling, and was trained utilizing the Nadam optimizer with categorical cross-entropy loss. The model attained 84% accuracy on Oxford17 and 64% on Oxford102, indicating superior performance on smaller, less intricate datasets. The research compared CNN with SVM and ANN models, revealing that CNN surpassed both on Oxford17, while ANN outperformed CNN on Oxford102. The findings underscore CNN's efficacy in straightforward classification tasks, while exposing its performance constraints on highly heterogeneous datasets.
Mo and Wei (2024)[50] Presented SA-ConvNeXt, a hybrid deep learning model that improves flower classification by integrating the ConvNeXt backbone with a Selective Attention Network (SANet).  The model integrates multi-level efficient channel attention (M-ECA), pixel attention (PA), and SimAM, a parameter-free attention module, to improve feature reweighting and extract distinctive patterns in intricate floral images.  It was trained on the Oxford Flowers102 dataset, attaining a peak performance of 96.7% accuracy and 98.2% recall, surpassing baseline models including VGG16, ResNet50, and standard ConvNeXt.  Implementing transfer learning, Focal Loss, and a cosine annealing learning rate strategy enhanced training stability and mitigated class imbalance.  The research indicated that the integration of multi-level attention markedly enhances fine-grained classification.
Ravikiran H.K. et al. (2024)[51] Introduced a hybrid deep learning model that integrates VGG16 and Xception features to classify flower images through transfer learning.  Their approach entails merging extracted features from both networks, followed by dense layers and softmax classification.  Experiments on a 5-class Kaggle flower dataset demonstrated that the hybrid model, devoid of dropout, attained the highest performance, achieving 91.20% accuracy, surpassing the individual VGG16 and Xception models and Random Forest and basic CNN architectures.  The research examined the impacts of dropout, optimizer selection, and early stopping, concluding that feature fusion from multiple CNNs improves classification accuracy and generalization.
Bayu et al. (2024) [52] Performed a comparative analysis of three CNN architectures—NasNetMobile, VGG16, and Xception—to classify fresh and non-fresh jasmine flowers utilizing a dataset of 1,273 images obtained in authentic agricultural environments.  The models were developed through transfer learning, utilizing data divided into training, validation, and test sets, with input images resized to 128×128 pixels.  NasNetMobile attained the highest classification accuracy at 99.21%, succeeded by VGG16 at 98.69% and Xception at 97.91%, all demonstrating elevated precision and F1-scores.  The research underscores the promise of lightweight CNNs for real-time agricultural quality assessment and guides the enhancement of CNN-based classification systems in resource-limited settings.
Anuradha et al. (2024) [53] Created a real-time mobile application for flower detection utilizing Convolutional Neural Networks (CNN) and TensorFlow Lite, focusing on indigenous and exotic flower species.  The system employed Google image scraping to create a dataset of approximately 266 flower images from Sri Lanka, averaging 62 images per class.  The CNN model was trained and optimized for mobile deployment through preprocessing and data augmentation techniques such as rotation, flipping, and brightness adjustment.  The application attained up to 95% accuracy, with consistent precision at 93% and recall at 94%, while sustaining a low latency of less than 300 milliseconds for real-time offline flower recognition.  The research emphasized the application's efficacy in biodiversity education, conservation, and tourism.
Alipour et al. (2024) [54] Introduced a deep learning approach for flower classification utilizing DenseNet121 and transfer learning, focusing on the Oxford 102 Flower Dataset.  The model was fine-tuned in PyTorch with image normalization and resizing to 224×224 pixels and trained for 50 epochs utilizing the SGD optimizer.  The densely connected layers of DenseNet121 facilitated efficient feature reuse and gradient flow, resulting in an accuracy of 98.6%, precision of 98.3%, and recall of 98%, surpassing earlier methodologies including Inception-v3, AlexNet, and SVM.  The research validates the efficacy of DenseNet121 in managing high intra-class similarity and dataset heterogeneity.
Aini et al. (2024) [55] Introduced a flower classification system utilizing Convolutional Neural Networks (CNN) with Nadam optimization, evaluated on the Oxford17 and Oxford102 datasets.  The model was assessed utilizing training from inception and transfer learning with ResNet50.  The results indicated that transfer learning substantially surpassed the baseline CNN, attaining 84% accuracy on Oxford17 and 64% on Oxford102, whereas the models trained from scratch achieved only 60% and 42%, respectively.  Their Android application exhibited effective real-time testing capabilities.  The research determined that Nadam-optimized CNNs utilizing transfer learning outperform conventional machine learning models like SVM and ANN in large and intricate flower classification tasks.
Zhao (2025) [56] Created a flower image classification system utilizing an enhanced ResNet18 architecture featuring deeper residual blocks and innovative data augmentation methods, including random cropping, rotation, and color modification.  The model was trained and assessed on a five-class flower dataset comprising 3,660 images, attaining an accuracy of 90%, surpassing conventional image classification techniques that generally achieved approximately 80% accuracy.  The system employs transfer learning to improve feature extraction and utilizes global average pooling to mitigate overfitting.  The research validates the efficacy of residual connections in maintaining gradient flow and suggests augmenting the dataset and implementing more robust augmentation for enhanced results.
Kanti et al. (2025)[57] Proposed an extensive framework for categorizing flower varieties and identifying underdeveloped or impaired flower fields through drone imagery, K-Means clustering, and neural networks.  Their methodology employed RGB pixel clustering to classify flower species, attaining a training accuracy of 91.75% and a validation accuracy of 69.56% on 600 drone images.  The research utilized Holistically Nested Edge Detection (HED) and Connected Component Labeling (CCL) to segment impaired regions. The model was augmented with ResNet50 through transfer learning, achieving 75% accuracy in classifying flower pixels.  The system demonstrated the ability to identify subtle defects that were sometimes overlooked by human experts, presenting promising applications in smart agriculture and automated field monitoring.
 From deep learning lenses, there is some unexplored challenges in deep learning models as follows (Ahmed et al., 2023[58]; Khoei et al., 2023[59]; Signorelli, 2018[60]): 
1. Prolonged training duration and substantial resource utilization: The training of deep learning models is often time-intensive and costly and necessitates large sample sizes to achieve improved accuracy.
2. Insufficient interpretability: Deep learning models often fail to provide explanations for their decisions, complicating the understanding of the rationale behind specific conclusions.
3. Challenges in optimization: There is a need to formulate novel strategies for optimizing parameters, particularly hyperparameters, to improve model performance.
4. Addressing distorted or ambiguous inputs: Future models should generate multiple potential outcomes instead of a single prediction to manage unclear or noisy data.
5. Neglected architectures: Although CNNs, RNNs, GANs, and autoencoders are prevalent, numerous alternative architectures remain largely unexamined.
D. Discussions & Comparison
Table 1 provides a detailed overview of the prior publications examined in Section 3. It systematically delineates the principal indicators utilized for evaluation, offering a coherent and structured depiction of the metrics applied in these analyses. Moreover, the table highlights the essential findings of each study, succinctly encapsulating the key insights and results.
Table 1. Related Worktable
	Authors & Year
	Dataset
	Model/Algorithm
	Accuracy
	Key Features
	Advantages
	Limitations

	[39]Giraddi et al., 2020
	Kaggle (5 classes)
	VGG16 (fine-tuned)
	95
	Transfer learning, augmentation
	High accuracy with a small dataset
	Limited to 5 flower classes

	[40]Alweshah et al., 2020
	11 benchmark datasets
	FPA + PNN
	100
	Hybrid optimization model
	Fast convergence, high performance
	Not flower-specific datasets

	[41]Kranthi Kumar et al., 2022
	Oxford 10
	Amazon Rekognition (cloud)
	High (exact not stated)
	Cloud-based CNN
	Scalable, easy to use
	Dependency on Amazon tools

	[42]Sun et al., 2021
	Diana Rose (640 RGB-D images)
	InceptionV3 + depth input
	98.44
	RGB-D, fine-tuning, augmentation
	Improved with depth info
	Small dataset size

	[43]Ayu Anjani et al., 2021
	150 rose images (3 classes)
	CNN (custom)
	96.66
	Simple CNN, dropout
	High accuracy, low overfitting
	Very small dataset

	[44]Alipour et al., 2021
	Oxford 102
	DenseNet121
	98.6
	Transfer learning, SGD
	High precision and recall
	Only tested on a single dataset

	[45]Wang, 2022
	5-class flower dataset
	VGG16 + RAdam
	89.1
	Grid augmentation, layer freezing
	Good for small datasets
	Limited to 5 classes

	[46]Suwitono & Kaunang, 2022
	PlantaeK, Plant_Leaves
	CNN + SEMMA
	98
	Batch tuning, dropout
	Simple, effective pipeline
	Focused on leaves, not flowers

	[47]Duman & SÃ¼zen, 2022
	Oxford-17, 5-class
	MobileNetV2, DenseNet169
	95.59
	Optimizer comparison
	Efficient and accurate
	Model choice sensitive

	[48]Fei et al., 2023
	434 rose images (RGB & RGBD)
	ShuffleNet V2 + ECA
	99.915
	Attention, lightweight
	Fast, industrial ready
	Limited classes

	[49]Pratiwi et al., 2024
	Oxford17, Oxford102
	CNN
	84.0 (Oxford17), 64.0 (Oxford102)
	Nadam optimizer
	Simple model
	Low on large datasets

	[50]Mo & Wei, 2024
	Oxford 102
	SA-ConvNeXt
	96.7
	Multi-attention + ConvNeXt
	High performance & recall
	Complex architecture

	[51]Ravikiran et al., 2024
	5-class Kaggle
	VGG16 + Xception (hybrid)
	91.2
	Feature fusion
	Outperforms single models
	No dropout better

	[52]Bayu et al., 2024
	Jasmine (1,273 images)
	NasNetMobile, VGG16
	99.21 (NasNet)
	Field images, transfer learning
	High real-time performance
	Only jasmine species

	[53]Anuradha et al., 2024
	266 Sri Lankan flower images
	CNN + TFLite
	95
	Mobile deployment
	Real-time, offline app
	Very limited dataset

	[54]Alipour et al., 2024
	Oxford 102
	DenseNet121 (PyTorch)
	98.6
	SGD optimizer, transfer learning
	Robust accuracy
	Same as 2021 version

	[55]Aini et al., 2024
	Oxford17, Oxford102
	CNN + ResNet50
	84.0 (Oxford17), 64.0 (Oxford102)
	Nadam optimizer, transfer learning
	Android app integration
	Low on complex data

	[56]Zhao, 2025
	5-class (3,660 images)
	ResNet18 (transfer)
	90
	Data augmentation, fine-tuning
	Improved over traditional CNN
	Small class diversity

	[57]Kanti et al., 2025
	600 drone images
	K-Means + ANN + ResNet50
	91.75 (ANN), 75.0 (ResNet50)
	Edge detection + segmentation
	Detects areas missed by experts
	Moderate accuracy on test



E. Synthesis Of Related Work
Table 1 outlines the investigation on flower classification from 2020 to 2025. This analysis evaluates these studies' empirical strengths, methodological diversity, limitations, and academic implications through a comprehensive synthesis and critical assessment, as follows:
1. Recent literature (2020–2025) highlights the extensive utilization of Convolutional Neural Networks (CNNs) for flower classification, with prominent models such as VGG16, DenseNet121, ResNet50, and MobileNet being favored architectures.  [39], [44], [47]. This trend highlights CNNs' ability to extract significant visual features, consistently achieving high classification accuracy.
2. Moreover, a significant trend is the recurrent application of transfer learning, particularly utilizing DenseNet121 in conjunction with SGD optimization, which achieves accuracy rates of nearly 98.6% [44]. These findings highlight the strategic importance of transfer learning in improving both accuracy and computational efficiency, particularly with limited or specialized datasets.
3. The field is experiencing a significant increase in hybridization and optimization techniques designed to improve performance beyond traditional CNNs. For example, the integration of the Flower Pollination Algorithm (FPA) with Probabilistic Neural Networks (PNN) achieved impeccable accuracy [40], whereas the combination of VGG16 and Xception yielded a 91.2% success rate [48].
4. Nonetheless, although these hybrid methodologies enhance accuracy, they may also concurrently introduce challenges related to interpretability and computational complexity, potentially constraining their practical applicability.
5. Another consideration pertains to the generalizability of results, which is frequently hindered by an excessive dependence on standard datasets, such as Oxford17 and Oxford102 [35], [50], [55]. While these datasets facilitate consistent benchmarking, their limited diversity restricts the ecological validity and broader applicability of the results.
6. The application of relatively uncomplicated CNNs has produced only moderate accuracy (64–84%), suggesting scalability challenges with more heterogeneous data [49].
7. In contrast, methodologies utilizing multidimensional data, including RGB-D depth images, have shown significant enhancements, achieved 98.44% accuracy and indicating a promising avenue for future research [42]. Furthermore, species-specific studies, particularly those centered on jasmine, achieve high accuracy (e.g., 99.21%) yet also demonstrate limitations in model transferability to wider classification scenarios [55]. Consequently, enhancing dataset diversity is essential for maintaining practical relevance and robustness.
8. In computational considerations, a clear tension exists between model complexity and operational practicality. Although advanced models such as SA-ConvNeXt attain impressive results (96.7% accuracy), their complexity may pose challenges in resource-constrained environments [50]. 
9. Conversely, lightweight implementations such as CNNs optimized for TensorFlow Lite achieve a balance between performance (95% accuracy) and accessibility, making them more suitable for mobile deployment [56]. Furthermore, cloud-based solutions, such as Amazon Rekognition, provide scalability but may pose dependency risks [41].
10. Consequently, meticulous alignment between model selection and deployment context is imperative. Notably, innovative methodologies utilizing drone-based imaging and advanced segmentation, alongside machine learning algorithms like ANN and ResNet50, tackle practical labeling challenges and illustrate the benefits of multi-method integration, achieving moderate accuracy (75–91.75%) [38].
 These strategies demonstrate that integrating various computational tools can effectively address real-world challenges and enhance classification results. The advent of lightweight, attention-based models represents significant progression for industrial and real-time applications. The combination of ShuffleNet V2 with Efficient Channel Attention (ECA) has achieved a remarkable accuracy of 99.915% while maintaining efficiency, thereby highlighting the balance between performance and deployability [48].
F. Extract Statistics
Figure (1) demonstrates that the Oxford 102 dataset is primarily utilized (23.8%), indicating a significant dependence on standardized datasets in contemporary flower classification research. This view indicates possible constraints regarding the generalizability of the findings. Other datasets demonstrate minimal and uniformly distributed utilization (approximately 4.8–9.5%), underscoring an essential requirement for diversified data sources to guarantee wider practical applicability and innovation in forthcoming research.
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Figure 1 Statistical representation of Flower Classification papers (2020 – 2025) based on the DATASET
Figure 2 displays the various models and algorithms utilized in flower image classification research from 2020 to 2025.  VGG16 and DenseNet121 each account for 18.8% of the total market share, significantly influencing the landscape.  This view indicates a pronounced research focus on established CNN architectures that provide high accuracy, transfer learning potential, and effective feature extraction.  This dominance may indicate a conservative inclination in model selection, potentially hindering innovation.  An excessive dependence on legacy models may restrict the investigation of novel architectures or hybrid approaches that could provide superior generalization, efficiency, or adaptability to diverse datasets.  Conversely, we note a disparate collection of distinct or hybrid methodologies, including FPA + PNN, SA-ConvNeXt, ShuffleNet V2 + ECA, and K-Means + ANN + ResNet50—each constituting 6.3% of the research.  Although these models indicate exploratory endeavors, their limited representation prompts essential inquiries: Are these innovations insufficiently studied due to resource limitations, or are they inherently less effective?  The chart indicates a strength in utilizing established CNNs and a challenge in diversifying algorithmic methodologies.  Subsequent research must reconcile performance with innovation, guaranteeing that the discipline progresses beyond traditional architectures to address the requirements of progressively intricate, real-world classification challenges.
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Figure 2 Statistical representation of Flower Classification papers (2020 – 2025) based on the Model/Algorithm
Figure 3 indicates that most studies from 2020 to 2025 are within the 95%–97 % accuracy range, underscoring robust model performance frequently attained via transfer learning and CNN architectures. This view indicates technical maturity, but highlights concern regarding overfitting and the restricted real-world applicability of models trained on controlled datasets.  A mere fraction of studies indicated accuracy below 85%, potentially indicative of publication bias and the underreporting of less effective models.  A significant proportion of studies attained remarkably high accuracies (99% and above), yet these frequently depended on restricted or simplified datasets, constraining their generalizability. The distribution exhibits a balanced presence in the 90%–94 % and 98%–99 % ranges, indicating incremental methodological enhancements. While accuracy is a crucial performance metric, future research should emphasize robustness, scalability, and ecological validity rather than solely focusing on attaining high numerical precision.
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Figure 3 Statistical representation of Flower Classification papers (2020 – 2025) based on the accuracy
Figure 4 illustrates that transfer learning is the predominant feature (29.2%), indicating researchers' significant dependence on pre-trained models to improve performance with limited data and training resources. This trend, although efficient, may suggest a reliance that jeopardizes architectural innovation. Data augmentation (20.8%) and hybrid methodologies or feature fusion techniques (16.7%) are also significant, indicating an increasing emphasis on enhancing generalization and accuracy via enriched input and architectural diversity. The restricted application of attention mechanisms (8.3%) and segmentation/edge detection (4.2%) indicates a potential underutilization of methods that could improve model interpretability and spatial sensitivity, particularly vital in fine-grained flower classification. The chart further emphasizes a moderate prevalence of deployment-oriented features, including mobile deployment and lightweight models (12.5%), indicating heightened awareness of practical application requirements. However, the limited engagement with cloud-based inference (4.2%) indicates infrastructural limitations or a preference for autonomous models. Likewise, essential design components such as dropout regularization (8.3%) and optimizer tuning (12.5%) signify basic model maintenance rather than sophisticated innovation. The pie chart indicates a domain rooted in dependable, established methodologies, yet requiring additional experimental, application-oriented, and elucidative modeling strategies to maintain academic rigor and technological pertinence.
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Figure 4 Statistical representation of Flower Classification papers (2020 – 2025) based on the Key Features	
Figure 5 illustrates prevailing trends and neglected opportunities.  High accuracy is the foremost factor (20.8%), underscoring the field's primary focus on performance metrics as the standard of success.  This strong emphasis, while commendable, risks overshadowing equally vital factors such as scalability, interpretability, and practical deployment.  Rapid and real-time performance (12.5%) and mobile/offline deployment (8.3%) are prioritized, indicating an increasing focus on system responsiveness and operational viability, essential for applications in agriculture, fieldwork, or resource-constrained settings. Simultaneously, characteristics like straightforward and efficient architectures, augmented generalization, and refined multimodal inputs account for 8.3% or less, indicating that although these elements are acknowledged, they remain insufficiently investigated in terms of their transformative capacity.  The limited references to industrial readiness, precision/recall, and surpassing baselines (each at 4.2%) provoke significant concerns.
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Figure 5 Statistical representation of Flower Classification papers (2020 – 2025) based on the Advantages
G. Recommendations & Future Area 
A principal recommendation from this review is the imperative to diversify and enhance the datasets utilized in flower classification research. The domain has significantly depended on benchmark datasets like Oxford 102, which, while beneficial for standardization, do not adequately reflect the intricacies of real-world scenarios. Future research must emphasize creating and utilizing varied, contextually rich datasets that capture variability in illumination, background, occlusion, seasonal influences, and geographical representation. Incorporating underrepresented or region-specific species would improve model generalizability and ecological validity. The transition from an excessive focus on accuracy to a more holistic performance evaluation framework is equally significant. Although high accuracy is advantageous, it frequently overshadows other vital metrics, including precision, recall, F1 score, inference time, model size, and energy efficiency. Future research should employ multi-dimensional metrics encompassing computational performance and practical utility, particularly in low-resource and embedded system contexts. Promoting innovation in model architecture is a vital focus. Literature demonstrates a significant dependence on conventional CNNs such as VGG16 and DenseNet121, potentially hindering methodological progress. Researchers should explore novel architectures, including Vision Transformers, attention-based models, and graph neural networks. Furthermore, integrating explainable AI (XAI) frameworks will enhance model transparency and reliability, which are increasingly crucial in agriculture, conservation, and education.
Subsequently, future initiatives should concentrate on models optimized for real-time deployment in resource-limited environments. While certain studies have examined lightweight deployment, most emphasize performance over portability. To reconcile the disparity between academic performance and practical implementation, especially on mobile and embedded devices, emphasis should be placed on model compression, pruning, and quantization techniques. Multimodal learning represents a nascent yet promising domain. Research utilizing RGB-D and drone-derived data has demonstrated improved classification precision and spatial awareness. Future research should focus on sensor-fusion models that amalgamate RGB, spectral, thermal, or 3D structural data to enhance robustness across various application scenarios, particularly in smart agriculture and ecological monitoring. The review highlights a continual deficiency in transparency and replicability across numerous studies. Comprehensive documentation of hyperparameters, training conditions, and unrestricted access to datasets and model weights should be established as standard protocol. Embracing open science principles will improve replicability, enable peer validation, and cultivate a culture of collaborative advancement. An additional opportunity exists to investigate human-in-the-loop systems. Incorporating expert or user feedback during the classification process can enhance accuracy in ambiguous situations, mitigate automation bias, and bolster user trust. These systems are particularly beneficial in education, citizen science, and agricultural diagnostics, where complete automation may be ineffective or unfeasible. Consequently, the progression of this discipline necessitates enhanced interdisciplinary cooperation. Incorporating knowledge of botany, ecology, computer science, and agricultural science will guarantee that models are technically robust and aligned with practical requirements. This collaboration will yield contextually pertinent, scalable, and socially significant solutions.
In conclusion, although flower classification research has shown significant advancement, its future influence depends on the community's capacity to transcend accuracy-focused metrics and adopt diversity, transparency, usability, and interdisciplinary integration. These recommendations provide a strategic framework to enhance the development of resilient, implementable, and context-sensitive classification systems.
Conclusion
A prevalent theme in the examined literature is the extensive utilization of deep learning and data mining methodologies, particularly CNN-based architectures like VGG16, DenseNet, and ResNet.  These models have consistently exhibited high classification accuracy on benchmark datasets, confirming their ability to learn intricate visual patterns in floral structures.  This consensus indicates a methodological agreement among studies concerning the dependability of convolutional architectures for flower image recognition . Nevertheless, a thorough analysis uncovers significant discrepancies concerning model applicability and preparedness for real-world implementation.  Although certain studies commend near-optimal performance in ideal experimental settings, their results are frequently restricted by a lack of dataset diversity, controlled image backgrounds, and fixed image orientations.  Although academically rigorous, these controlled conditions fail to replicate the noisy, heterogeneous, and dynamic environments typically encountered in real-world floral classification, This inconsistency underscores a significant disparity between theoretical robustness and practical scalability, a limitation often neglected in accuracy-centric assessments.
 Furthermore, incorporating conventional data mining methodologies, including K-Means clustering, Support Vector Machines, and decision trees as independent models or within hybrid deep learning frameworks, signifies a burgeoning trend focused on improving interpretability and computational efficiency.  Although not as predominant as deep learning models, these methods are being reexamined in contemporary research for their capacity to facilitate classification in low-resource environments and enhance feature extraction processes.  Nonetheless, a consensus on integrating classical algorithms with contemporary neural networks is still absent, leading to disjointed experimentation without a cohesive theoretical framework. Another area of agreement among studies is the utilization of data augmentation and feature engineering to reduce overfitting and enhance model generalization.  Nevertheless, limited research implements these enhancements alongside cross-domain or multi-species datasets, constraining the robustness of the findings.  The demand for context-aware, scalable, and adaptive classification systems is becoming increasingly critical, particularly for biodiversity monitoring, agriculture, and ecological conservation applications.
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