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Abstract:

Artificial Intelligence (Al) and Machine Learning (ML) are transforming plant taxonomy and biodiversity
monitoring by enabling accurate, rapid, and automated plant species identification from images of leaves and
flowers. Accurate, fast, and scalable identification of plant species from images of leaves and flowers is central
to biodiversity monitoring, agriculture, conservation and citizen science. This paper reviews recent
advancements in Al-driven plant identification, focusing on computer vision techniques and deep learning
models such as Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs). These models
analyze morphological and color features from large datasets like PlantVillage, Leafsnap, and PlantNet to
distinguish species with remarkable precision. Integration of Al tools into mobile applications and cloud-based
systems has enhanced field-level biodiversity assessment and agricultural diagnostics. The paper also discusses
challenges including dataset bias, environmental variability, and the need for explainable and domain-adaptive
models. Through improved data diversity, model transparency, and ethical Al deployment, Al-powered plant
identification systems are poised to support sustainable biodiversity management, ecological research, and
education. This review emphasizes the potential of Al as a cornerstone for sustainable innovations in plant
sciencesand precision agriculture. Advances in computer vision and machine learning especially convolutional
neural networks (CNNs) and transformer-based models have made automated plant identification viable at
large scale. This review synthesizes the literature on image-based plant species identification, describes
common datasets and pipelines, compares representative model performances, discusses practical deployment
challenges (domain shift, field conditions, interpretability), and outlines research directions for robust,
sustainable, and equitable Al tools for plant identification.

keywords: Artificial Intelligence (Al), Plant Species Identification, Machine Learning (ML), Computer
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Introduction:

Plant species identification traditionally depends on taxonomic expertise, morphological keys and time-
consuming specimen-based workflows. In recent years, computer vision combined with large, labeled image
datasets has enabled automated identification of plants using leaf and flower images. This transformation is
powered by deep neural networks trained on curated databases such as PlantVillage, PlantCLEF, PlantNet and
Leafsnap, and by field datasets such as DeepWeeds that represent real in-situ complexity (Mohanty etal., 2016;
Olsenetal., 2019; PlantNet, 2021; Leafsnap dataset). Image-based Al systems can support farmers, ecologists
and citizen scientists through mobile apps, automated surveys, and integration with remote sensing. This
review focuses specifically on approaches that use leaf and floral images, because those organs often contain

diagnostic morphological, color and venation cues useful for species discrimination.

Core components of image-based plant identification systems:

A practical Al pipeline (Fig. 1) for species identification from leaf or flower images has several standard stages:
image collection, preprocessing (including segmentation and augmentation), feature extraction (via CNNs or
Vision Transformers), model training (transfer learning, fine-tuning), evaluation (cross-validation, hold-out
tests), and deployment to edge devices or cloud services. Image collection may combine herbarium scans,
curated datasets, and citizen-science photos; datasets differ widely in image quality, background complexity,
and taxonomic breadth. Preprocessing commonly includes resizing, color normalization, and data
augmentation (rotations, flips, color jitter) to increase model robustness to field variability. Segmentation or
background removal (e.g., isolating leaf from background) often improves model focus on relevant features.
Feature extraction historically used handcrafted descriptors but now overwhelmingly relies on deep models
trained end-to-end (Ferentinos, 2018; Boulent et al., 2019). Transfer learning from large general image datasets

and subsequent fine-tuning on plant images significantly reduces data requirements for good performance.
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Fig. 1. Al Pipeline for Plant Species Identification (Leaf / Flower Images)
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Datasets and benchmark tasks:

Public datasets have driven progress. The PlantVillage dataset and Mohanty et al. (2016) showed proof-of-
concept for leaf-based classification under controlled conditions, reporting very high accuracies on well-
curated images. Leafsnap and PlantNet provide large, diverse image collections gathered from field photos and
herbarium material; Plant CLEF tasks have challenged models across thousands of species and heterogeneous
images. DeepWeeds supplies in-situ weed images and demonstrates the need to handle background complexity
and mixed vegetation (Olsen et al., 2019). Differences among datasets controlled vs. field imagery, number of
species, and distributional biases are crucial when comparing reported model performance: a model achieving
99% on controlled leaf images may perform poorly on citizen-science field photos without domain adaptation
(Mohanty et al., 2016; DeepWeeds; PlantNet).

Machine learning approaches and architectures:

Convolutional neural networks, including architectures such as VGG, ResNet, Inception, and MobileNet,
remain the backbone of many plant identification systems because they balance accuracy and computational
efficiency. Transfer learning from ImageNet followed by fine-tuning on plant datasets is standard practice,
enabling high performance with modest labeled plant datasets (Boulent et al., 2019). More recently, Vision
Transformers (ViTs) and hybrid CNN-transformer models have been explored for plant images, sometimes
improving robustness to texture and fine-scale patterns. Ensembling multiple architectures and using multi-
view inputs (leaf top/bottom, flower close-ups, multiple angles) further increases accuracy (Fig. 2). For
resource-constrained deployment (mobile apps, edge devices), compact models (MobileNet, EfficientNet-Lite)

and model compression/pruning provide a practical tradeoff between latency and accuracy.
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Fig. 2. Representative reported accuracies of Al models on plant image datasets

Preprocessing, segmentation and explainability:

Image preprocessing that isolates diagnostic features improves downstream classification. Segmentation
methods, including classical algorithms and U-Net style deep segmentation networks, remove background
clutter and emphasize leaf shape, margin, and venation. Explainability techniques such as Grad-CAM and

saliency maps help visualize which regions of a leaf or flower the model uses for classification (Fig.3); these
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visualizations are essential for trust in ecological and agricultural contexts because they let taxonomists and

practitioners verify whether the model attends to biologically relevant cues or to spurious background artifacts.

Fig 3: Explainability techniques such as Grad-CAM and saliency maps visualize the image regions that
influence classification, helping experts interpret model focus areas
This figure represents a Gradient-weighted Class Activation Mapping (Grad-CAM) output applied to a
convolutional neural network (CNN) model used for plant species identification. The heatmap overlay on the
leafimage indicates the regions most influential in the model’s decision-making process.Red and orange zones
depict areas of high model attention these are the portions of the leaf that contribute most to the final
classification (e.g., midrib, vein intersections, or unique texture patterns). Green and blue zones represent
regions of lesser significance to the classifier. Such visualizations are essential for explainable Al (XAl) in
plant science, as they help researchers interpret how Al models “see” and differentiate between species based

on morphological cues.

Handling domain shift and generalization:

A primary challenge is domain shift: the discrepancy between training images (often lab or curated
photographs) and real-world images (field photos, varied lighting, partly occluded specimens). Domain
adaptation strategies include extensive data augmentation, fine-tuning on smaller samples of target-domain
images, unsupervised domain adaptation techniques, and active learning to iteratively collect labeled examples
where the model is uncertain. Cross-region generalization also requires including geo-diverse training data and

considering environmental covariates (season, phenology) that alter leaf and flower appearance.

Multimodal approaches and metadata use:
Combining images with auxiliary metadata such as geolocation, date, and habitat type markedly improves
identification accuracy. For instance, a probabilistic model that conditions image predictions on known species

ranges or flowering times can eliminate geographically impossible predictions. Similarly, multi-image inputs
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for the same observation (e.g., leaf, flower, bark) allow models to aggregate evidence, which is particularly

helpful for taxa that require multiple organ views for reliable identification.

Deployment, edge considerations, and citizen science applications:

Mobile apps (e.g., PlantNet, Leafsnap-style apps) and web services are the primary deployment channels for
image-based plant identification. Practical deployment requires compact models, efficient inference pipelines,
and careful user-interface design to guide users in capturing diagnostic photos (e.g., capturing a leaf against a
plain background, multiple angles). Federated learning or privacy-preserving aggregation can be used when
citizen scientists contribute data but wish to protect sensitive location information. Integration with biodiversity
databases and herbarium records allows Al predictions to be validated and incorporated into long-term

monitoring.

Evaluation, metrics and benchmark best practices:

Beyond top-1 accuracy, reliable evaluation should report top-k accuracy, precision/recall per class (particularly
for rare taxa), confusion matrices, and calibration metrics that capture prediction confidence. Cross-validation
across geographic regions and separate hold-out sets collected under field conditions better reflect deployment
performance. Benchmarking should include experiments demonstrating sensitivity to image quality, occlusion,

and phenological state.

Limitations, ethical and ecological considerations:

Automated identification tools can accelerate research and outreach, but they also. present limitations.
Misidentification can mislead ecological inventories and management decisions, particularly when applied to
critical tasks such as invasive species monitoring. Biases in datasets (taxonomic, geographic, and photographic
biases) can lead to unequal performance across regions and taxa. Ethical stewardship includes transparent
reporting of model uncertainty, guidelines for use in conservation decisions, and participatory approaches that

involve local experts.

Future directions:

Promising directions include multimodal models that combine images, genomic barcodes, and environmental
metadata; continual learning systems that update models with high-quality new observations; explainable and
interactive classifiers that allow experts to correct and guide model behavior; and methods for automatic
identification of cryptic species where morphology alone is insufficient (integrating molecular data).

Prioritizing dataset diversity and data standards will make models more equitable and reliable globally.
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Conclusion:

Al systems based on leaf and flower images have matured from proofs-of-concept to practical tools that support
biodiversity monitoring, agriculture and education. Strong performance requires not only advanced model
architectures but also careful dataset curation, preprocessing, explainability and domain-aware deployment
strategies. With rigorous evaluation, ethical deployment policies, and ongoing collaboration between Al
researchers and botanists, image-based plant identification can be a scalable, low-cost technology for a

sustainable future in plant science.
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