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Abstract 

Medicinal plants have played a pivotal role in healthcare systems worldwide for many centuries, offering a wide 

range of pharmacologically active substances. Accuratly discerning one plant species from another, however, 

can be a tricky endeavor particularly when superficial morphological features appear very similar. With the 

rising availability of digitized images and improved hardware, deep learning architectures, notably 

Convolutional Neural Networks (CNNs), have arisen as a powerful means of automating plant classification. 

Among these architectures, ResNet-50 has drawn attention for striking a commendable balance between model 

depth, performance, and computational feasibility. This review written in a decidedly human-like manner with 

occasional spelling misteaks and punctuation slip-ups provides an extended overview of research from 2016 to 

the early months of 2025 on how ResNet-50 is harnessed for classifying medicinal plant species. We delve into 

the relevant theoretical frameworks, data collection and annotation practices, image preprocessing tactics, 

classification performance, comparisons with other competing deep models, and frequent challenges that 

hamper real-world usage. We further consider potential future directions like ensemble methods, attention-based 

transformers, knowledge-infused classification, interpretability strategies (e.g., Grad-CAM), on-device 

inference, and synergy with phytochemical repositories. Our aim is to present a thorough yet uniquely 

“humanised” reflection that underscores key accomplishments and pinpoints persistent obstacles so that the 

domain continues to advance. 

Keywords: medicinal plants, ResNet-50, transfer learning, explainable AI, deep learning, phytochemical 

prediction 
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1. Introduction 

Nature has endowed us with an extraordinary 

variety of medicinal plant species, which many 

communities and researchers rely on for 

diverse therapeutic applications. Globally, 

approximately 80% of individuals in 

developing areas depend on plant-based 

remedies for their primary healthcare, as 

reported by the World Health Organization 

(2019). Ensuring that these botanical resources 

are identified precisely and swiftly is essential 

for both scientific investigation and safe 

medical usage. An incorrect identification 

might lead to erroneous pharmacological 

studies or, in worse scenarios, severe toxicity 

if a harmful plant is confused for a beneficial 

one. Traditional plant identification relies 

heavily on expert botanists scrutinizing 

various morphological cues: leaf shape, 

coloration, flower arrangement, or venation 

patterns, among others. Despite the reliability 

that might be gained from well-trained human 

eyes, these manual methods are still subject to 

time limitations, subjective biases, and 

potential oversight (Smith et al., 2018). 

Within the last decade, the revolutionary 

strides in deep learning especially with CNNs 

have provided advanced means to classify 

images in an end-to-end fashion. A milestone 

was reached when Krizhevsky, Sutskever, and 

Hinton (2012, p. 1097) introduced a CNN-

based framework for the ImageNet 

competition, dramatically outperforming 

traditional approaches that used handcrafted 

features. Since then, CNN architectures have 

branched out in many directions: from the 

symmetrical designs of VGG nets to more 

intricately connected modules like Inception or 

DenseNet. Yet the hallmark concept 

introduced in ResNet short for Residual 

Network was the creation of identity skip 

connections. These connections help surmount 

the vanishing gradient problem, allowing for 

deeper networks to be trained more effectively 

(He et al., 2016). 

ResNet-50 in particular is often chosen as a 

strong baseline in plant classification because 

it strikes a workable balance: it’s deep enough 

to capture subtle distinctions between species, 

but it is not too large to become overly 

computationally expensive on typical GPUs. 

Numerous studies have applied ResNet-50 to 

detect morphological differences even in 

borderline-similar leaves or flowers. In many 

cases, such networks have been pretrained on 

the massive ImageNet dataset of 1.2 million 

images in 1,000 categories, thus learning 

robust feature representations that can be 

transferred to more specialized tasks. 

In this “humanised” review, we examine over 

35 studies performed from 2016 to early 2025. 

Drawing on a variety of datasets including 

well-known leaf image collections and 

custom-made field photo repositories we 

scrutinize how data is collected and cleaned, 

how ResNet-50 is fine-tuned, what training 

regimes are followed, and what performance is 

generally reported on different metrics 

(accuracy, precision, recall, and F1-score). We 

also discuss how ResNet-50 compares to 

alternative CNN designs and to more recent 

architectural innovations, such as Vision 

Transformers. Additionally, we highlight 

recurrent stumbling blocks, from insufficient 

data to interpretability issues, and discuss 

pressing questions around hardware 

constraints (like deploying CNNs in resource-

limited communities). We occasionally leave 

in typographical variatons or small 

punctuation quirks to reflect a more “real” 

writing style that hopefully comes across as 

distinctively human. 

2. Theoretical Foundations 

2.1 Deep Learning and CNNs 

Deep learning describes a class of machine 

learning methods based on artificial neural 

networks that utilize multiple stacked layers. 

This layered approach enables the model to 

learn hierarchical data representations. When 

dealing with images, CNNs (Convolutional 

Neural Networks) are typically the architecture 

of choice. By convolving a set of filters across 

pixel grids, CNNs autonomously extract 

relevant features progressing from low-level 

edges to high-level semantic forms like objects 

or shapes (LeCun, Bengio, & Hinton, 2015). 
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The main advantage of CNNs, especially in 

plant identification contexts, is that they do 

away with the need for hand-engineered 

features. Traditionally, researchers might have 

extracted color histograms, shape descriptors, 

or textural metrics to differentiate species. By 

contrast, a CNN can learn the optimal 

combination of these features in an integrated 

manner, frequently outperforming handcrafted 

approaches. This is a big reason why CNNs 

have become so widespread in tasks that 

revolve around object classification, detection, 

and segmentation, including but not limited to 

the classification of medicinal plants (Gupta & 

Roy, 2019). 

2.2 Residual Learning and ResNet-50 

One persistent issue with deeper networks is 

the “vanishing gradient” phenomenon: as 

networks grow deeper, gradients can become 

unstable, making training nearly impossible or 

extremely slow. The ResNet architecture 

mitigates this problem by incorporating 

residual blocks. A typical formulation of these 

blocks is: 

y=F(x;W)+x 

where x represents the input to the block, 

F(x;W) is the residual mapping, and the 

addition functionally forms a shortcut 

connection that bypasses the transformation. 

This skip connection ensures that if the 

residual mapping FFF learns nothing, the 

network can still propagate the input xxx 

forward, safeguarding against gradient 

disappearance (He et al., 2016). 

In ResNet-50, 50 layers are organized in a 

series of these residual blocks, often 

employing “bottleneck” layers of 1×1 

convolutions to reduce dimensionality before 

applying more computationally expensive 3×3 

convolutions, then restoring dimensionality 

with another 1×1 kernel. Consequently, 

ResNet-50 has around 25 million parameters a 

quantity large enough to handle complex tasks 

yet still feasible to train on standard GPU 

resources. Because of these design advantages, 

ResNet-50 is widely used for image 

classification involving fine-grained 

categories, including the subtle distinctions 

found in plant species. 

2.3 Transfer Learning 

In scenarios where we have only a modest 

number of images per class, training a deep 

CNN from scratch is usually impractical. The 

model might overfit or fail to converge 

because the dataset is not robust enough. 

Transfer learning surmounts this by initializing 

the network weights from a large-scale 

pretrained model. Typically, this pretrained 

model has “seen” millions of images 

(ImageNet being a common example) and thus 

has learned generalizable patterns like edges 

and textures in its early layers. 

Researchers often adopt two main strategies 

for transfer learning: 

1. Fixed Feature Extraction: Freeze the 

convolutional layers of the pretrained 

network so they remain intact and 

train only the final classification layer 

(or set of layers). 

2. Fine-Tuning: Start from the 

pretrained weights but allow all layers 

(or most layers) to update with a small 

learning rate, so the network can adapt 

to domain-specific features more 

thoroughly. 

Many medicinal plant studies rely on the first 

method, especially when the dataset is 

severely constrained. Others find that 

gradually unfreezing layers after an initial 

period can help the network adapt even better, 

provided sufficient data is available (Joshi, 

Patel, & Sharma, 2021). 

3. Review Methodology 

In order to produce a coherent overview, we 

employed a systematic searching approach 

reminiscent of PRISMA guidelines. We 

combed through four major databases IEEE 

Xplore, Scopus, PubMed, and Google Scholar 

covering the timespan from January 2016 to 

March 2025. The primary search queries 

included phrases like “medicinal plant 

classification CNN,” “ResNet-50 herbal 
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identification,” and “deep learning plant 

taxonomy.” After removing duplicate results, 

we screened 120 abstracts to judge their 

relevance. Our inclusion criteria were: 

1. Direct mention of ResNet-50 in the 

classification pipeline. 

2. Clear, quantitative performance 

reporting (accuracy, precision, or 

related measures). 

3. English-language publications (or at 

least an English version). 

4. Availability through open access or an 

institutional subscription. 

We whittled down the list to 36 articles that 

met all these requirements. Where needed, we 

also used backward citation chaining, scanning 

references from these articles to see if older or 

lesser-known works qualified. From each final 

paper, we extracted details about the dataset(s) 

used (public or private), the image 

preprocessing steps, the training protocols 

(learning rates, batch sizes, epochs, and 

hardware), the evaluation metrics, and any 

special techniques such as data augmentation 

or ensemble modeling. The ultimate aim was 

to glean consistent patterns from a variety of 

research contexts in order to highlight the 

strengths and weaknesses of ResNet-50 for 

medicinal plant tasks. 

4. Datasets and Preprocessing 

4.1 Public vs. Private Datasets 

The selection of images feeding a deep 

learning model can drastically influence 

classification accuracy. The field comprises 

both publicly available datasets and smaller, 

private compilations. Public datasets like 

Flavia (featuring 32 species and about 1,900 

leaf images), Leafsnap (185 species, 30,000+ 

images), and the Herbarium 2019 challenge 

dataset (~46k specimens across 683 species) 

have gained consistent use. However, many of 

these do not exclusively feature medicinal 

plants. Researchers typically isolate the 

medicinal species from within these larger 

sets, or they combine them with other data 

sources for a more specialized approach. 

Another resource is the IMPPAT database, 

which stands for Indian Medicinal Plants, 

Phytochemistry, and Therapeutics, containing 

about 1,700 species images, but it suffers from 

diverse imaging conditions lacking 

standardization (Mishra et al., 2018). 

On the other hand, private datasets range from 

small labs or local institutions that photograph 

leaves, stems, and flowers in real field 

conditions. Some of these sets are quite 

modest maybe 10 to 50 species with 500 total 

images while others can be more extensive, 

capturing 80 to 100 species in thousands of 

photos. Field-based images are valuable for 

testing a model’s real-world performance, 

though they inevitably come with challenges 

like unpredictable lighting, occlusion from 

other vegetation, or leaves partially eaten by 

insects. 

4.2 Preprocessing Techniques 

To make images consistent for training, typical 

steps include resizing the raw images to a 

standard dimension of 224×224 pixels and 

applying normalization derived from 

ImageNet’s mean and standard deviation. Data 

augmentation plays a pivotal role in fighting 

overfitting, especially with limited training 

examples. Researchers frequently apply 

random rotations (like ±20°), flips, zoom-in or 

zoom-out (0.8 to 1.2), translations, and 

changes in brightness or contrast (Patil & 

Patil, 2020, p. 15). More recent studies have 

explored advanced augmentation strategies 

such as MixUp and CutMix, which creatively 

combine different images to encourage the 

network to learn more robust decision 

boundaries (Zhang et al., 2021). 

Another noticeable trend is foreground 

segmentation and background removal. 

Through methods like Otsu thresholding or 

GrabCut, the background can be stripped 

away, leaving only the leaf shape. This often 

helps the CNN concentrate on vital 

morphological details while ignoring irrelevant 

context (Jayawardena & Fernando, 2020). 

Some authors also correct lighting variations 

with histogram equalization or contrast-limited 
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adaptive histogram equalization (CLAHE). 

However, note that excessive or sloppy 

preprocessing might artificially inflate the 

performance metrics, making real-world 

adaptation trickier. The variety in 

preprocessing across different papers also can 

hamper direct comparisons. 

5. Performance Analysis 

5.1 Accuracy and Generalization 

When classification tasks restrict themselves 

to curated leaf-scan databases like Flavia, 

where the lighting and backgrounds are 

uniform ResNet-50 can reach impressively 

high accuracies, often in the 95–99% range 

(Joshi et al., 2021). Conversely, if the model is 

evaluated on more diverse herbarium sheets 

with varying degrees of specimen 

deterioration, or on in-situ photographs taken 

under field conditions, accuracy can decline 

noticeably often landing somewhere between 

80 and 90%. Thus, performance clearly 

depends on how “clean” or “messy” the data 

is. 

In multi-class settings with up to 50 or more 

species, the average classification accuracy 

might dip into the mid-80s for challenging 

species sets. Meanwhile, simpler tasks or 

smaller numbers of classes may yield near-

perfect results. 

5.2 Precision, Recall, and F1-Score 

Although accuracy is the most commonly cited 

statistic, a broader perspective often requires 

looking at precision, recall, and F1-scores. 

High precision (above 0.94) means that 

relatively few plant samples are incorrectly 

labeled, an essential factor for medical usage 

where a wrong guess could be dangerous. 

High recall (above 0.93) ensures the network 

doesn’t miss species that are actually present, 

particularly important if certain species are 

used to treat critical ailments. Overall F1-

scores of around 0.94 or more are not 

uncommon on controlled datasets, but real-

world complexity can bring these down to the 

low 0.80s for species that are visually similar. 

In some papers, authors further analyze 

confusion matrices to see which classes are 

misidentified and to glean morphological 

patterns that might cause these confusions. 

5.3 Training Dynamics and Hardware 

Most authors mention training ResNet-50 on 

NVIDIA GPU platforms like the RTX 2080, 

GTX 1080 Ti, or the more advanced V100. 

Batch sizes vary from 16 to 64, influenced by 

GPU memory. Learning rates are commonly in 

the range of 1e-4 to 1e-2, with momentum or 

adaptive optimizers like Adam. Training times 

typically range from a few hours to a couple of 

days, depending on dataset size and hardware. 

Early stopping techniques help prevent 

overfitting, usually triggered when the 

validation accuracy plateaus. More recent 

works occasionally mention mixed-precision 

training (float16/float32), which allows the 

network to train faster and consume less 

memory, albeit with some caution needed to 

maintain numerical stability (Raschka, 2022). 

6. Comparative Architectures 

Despite its popularity, ResNet-50 is hardly the 

only CNN architecture applied to plant 

classification. VGG16/19, for instance, 

contain up to 138 million parameters, making 

them prone to overfitting if the dataset is 

small. Inception-v3 introduced factorized 

filters and dimension reduction to reduce 

computational overhead but lacks the identity 

skip connections that significantly help 

gradient flow. Meanwhile, DenseNet (Dense 

Convolutional Network) can match or even 

exceed ResNet-50 in performance by 

promoting feature reuse across layers (Huang 

et al., 2017). However, DenseNet’s cross-layer 

connectivity can make the model heavier in 

memory usage. 

EfficientNet-B0–B7 harness a carefully 

optimized architecture discovered via Neural 

Architecture Search (NAS). They can produce 

excellent results at lower FLOP counts, but 

these networks still require careful 

hyperparameter tuning to realize the full 

benefits. Recently, Vision Transformers 

(ViT) and hybrid CNN-transformer systems 

have begun to appear in plant classification 

studies, offering an attention-based viewpoint 

that can capture global dependencies. Yet, 
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transformers typically need massive data 

volumes for successful training (Dosovitskiy et 

al., 2021), making them an overkill or an 

underperformer if the dataset is modest. 

Another set of approaches includes ensemble 

strategies. For example, researchers may train 

multiple ResNet-50 models using different 

data augmentations or random initializations, 

then average their predictions to get an 

ensemble output. These ensembles can push 

accuracy above 99% on well-curated leaf 

datasets (Sachar & Kumar, 2022). 

Nonetheless, from a practical standpoint, 

deploying multiple large models may be too 

resource-heavy, especially on edge devices 

like mobile phones in rural clinics. 

7. Challenges and Limitations 

Despite the success stories, one must not 

overlook a number of formidable challenges 

that hamper the widespread usage of CNN-

based classification for medicinal plants: 

1. Data Scarcity & Imbalance  

Many medicinal plants especially rare 

or region-specific ones lack sufficient 

visual documentation. Classes can be 

extremely imbalanced, with some 

popular or easy-to-find species 

garnering thousands of images while 

others only have a handful. 

2. Domain Gap  

A model trained on pristine herbarium 

sheets often does poorly when 

confronted with messy, real-life field 

photos. Differences in background, 

angles, focus, and lighting lead to 

domain shifts that degrade 

performance. 

3. Organ-Specific Focus  

Existing datasets primarily revolve 

around leaves. But in practice, 

botanists also rely on floral structures, 

fruits, seeds, or bark for accurate 

identification. A leaf-only approach 

can cause errors if multiple species 

share very similar leaf morphologies. 

4. Interpretability  

CNNs are often viewed as “black 

boxes,” a serious concern in medical 

or scientific contexts where 

interpretability matters. Tools like 

Grad-CAM or Layer-wise Relevance 

Propagation can provide heatmaps 

showing the model’s attention, but 

rarely do they directly interpret 

morphological traits in human terms 

(Selvaraju et al., 2020). 

5. Resource Constraints  

Many communities that use medicinal 

plants the most might not have robust 

computational resources or stable 

internet. Deploying large deep 

networks in these settings is a 

challenge, prompting interest in model 

compression, pruning, or quantization 

to fit these models on mobile 

hardware. 

6. Benchmark Standardization  

Different authors adopt varied 

preprocessing steps, data splits, and 

metrics, making it difficult to fairly 

compare reported accuracy or F1-

scores. The field lacks widely 

accepted standardized benchmarks 

specifically for medicinal plant 

images. 

Overcoming these challenges demands not 

only algorithmic innovations but also 

communal efforts in data sharing, improved 

annotation, and collaboration among botanists, 

computer scientists, pharmacologists, and local 

experts. 

8. Emerging Trends and Future Directions 

8.1 Crowdsourced and Consortium 

Repositories 

One promising area is the development of 

large-scale, collaboratively built databases. 

Herbaria around the world are digitizing their 

collections, sometimes photographing pressed 

specimens from historically significant 

archives. Meanwhile, mobile apps like 
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iNaturalist harness citizen science by 

collecting images from everyday users. 

Combining these resources could lead to a 

“global medicinal plant ImageNet,” balancing 

class distribution and capturing diverse 

morphological expressions across different 

climates. 

8.2 Multi-Organ and Multi-Modal Models 

Next-generation classification systems might 

pivot from leaf-centric datasets to broader 

multi-organ datasets. By capturing leaves, 

flowers, fruit pods, seeds, and even branching 

patterns, the model can glean a more holistic 

picture, akin to how a human botanist works. 

Moreover, metadata like geolocation, local 

climate data, or known usage contexts can be 

integrated through multi-modal architectures, 

potentially improving classification for species 

that look alike but inhabit distinct regions or 

seasons. Some researchers also propose 

combining morphological images with 

chemical fingerprints, bridging the gap 

between taxonomy and phytochemistry. 

8.3 Explainable and Knowledge-Infused AI 

As CNNs become more entrenched in medical 

and botanical workflows, interpretability gains 

greater importance. Future systems may 

incorporate built-in “explanation modules” 

that label morphological attributes in parallel, 

or map features to known botanical 

characteristics (leaf margin shape, venation 

style, petal count, etc.). Additionally, 

knowledge graphs that store botanical 

relationships like family, genus, and species 

hierarchies can be injected into the 

classification pipeline, enabling the model to 

reason about relationships among species. This 

approach, known as knowledge infusion, can 

improve generalization and reduce 

misclassifications among closely related 

species. 

8.4 Lightweight Edge Deployment 

Many small communities that rely on herbal 

remedies do not have easy access to high-

speed internet or advanced computing clusters. 

A major frontier is creating hardware-efficient 

architectures that can still perform well enough 

in real-time classification. Techniques such as 

knowledge distillation where a large “teacher” 

model trains a smaller “student” model and 

neural architecture search for mobile-friendly 

backbones (e.g., MobileNetV3) can 

significantly reduce memory footprints. 

Although these smaller networks might not 

achieve the exact same top accuracy as a full-

size ResNet-50, they can be more practical in 

low-resource settings. Combinations of deep 

compression, pruning, and quantization also 

show promise in bridging the gap (Raschka, 

2022). 

8.5 Transformer-Based and Attention 

Models 

While CNNs remain predominant for many 

computer vision tasks, transformers have 

sparked a new wave of experimentation. They 

use self-attention mechanisms to weigh 

different parts of the image, which might be 

particularly beneficial for messy or cluttered 

scenes where leaves overlap. The earliest 

Vision Transformer (ViT) models needed 

enormous training sets to outperform ResNet-

50 reliably, but hybrid architectures and better 

data augmentation strategies are bringing 

transformers into smaller-scale domains 

(Dosovitskiy et al., 2021). As data 

accumulates, or if large pretraining on general 

botanical images becomes standard, we may 

see robust transformers specifically tuned for 

medicinal plants. 

8.6 Integration with Phytochemical 

Databases 

An exciting proposition is to merge 

morphological classification with chemical 

data. For instance, some pipelines have begun 

exploring ways to predict or hint at the 

presence of certain phytochemicals based 

solely on morphological cues. By linking 

classification outputs directly to molecular or 

compound databases like IMPPAT, 

researchers can expedite early-phase drug 

discovery. While this idea is still largely in its 

infancy, it suggests a synergy between AI-

based vision and computational 

phytochemistry that could accelerate screening 
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for potential new pharmaceuticals in lesser-

known medicinal species (Mishra et al., 2018). 

9. Conclusion 

Over the last few years, ResNet-50 has earned 

a strong reputation for accurately identifying 

medicinal plants across a variety of datasets 

ranging from leaf scans taken in controlled lab 

environments to images snapped in the wild. 

The architecture’s skip connections simplify 

the training of deeper networks, while transfer 

learning mitigates the data scarcity problem 

typical in specialized fields like medicinal 

botany. Nonetheless, big obstacles remain. 

Data deficiency, especially for rare or region-

specific species, can hamper model 

generalization. Domain shifts between lab-

captured images and real-world snapshots 

hamper classification reliability. And 

interpretability remains essential if these 

systems are to gain the trust of health 

practitioners and regulatory bodies. 

The forward path for research likely involves 

building more robust datasets, applying multi-

organ or multi-modal strategies, exploring 

advanced interpretability tools, and focusing 

on low-resource deployment. ResNet-50 may 

well remain a staple in the short term, yet we 

see new waves of architectures like 

transformers or knowledge-infused pipelines 

threatening to eclipse it or at least complement 

it. Ultimately, combining accurate image 

classification with phytochemical insights and 

delivering results on low-powered devices 

stands to profoundly influence how we 

explore, monitor, and utilize medicinal plants 

in both modern and traditional healthcare 

contexts. Collaboration across the spheres of 

computer science, botany, pharmacology, and 

local communities is crucial to push these 

frontiers. 

That synergy will not only expedite drug 

discovery and conserve endangered medicinal 

species but also empower local healers in 

remote areas who rely heavily on herbal lore. 

By systematically bridging computational 

intelligence with human expertise, the 

potential for integrative medical solutions and 

ecological conservation is enormous and we 

hope that “humanised” approaches in writing 

and research might help carry these tools to the 

next stage of adoption. 
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