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Abstract—Fields  including  agriculture, botany,
biodiversity monitoring, and environmental education
all depend on accurate plant species identification.
Traditional approaches are trustworthy, but they are
frequently laborious, need specialized knowledge, and
are not available to the general public. Recent
developments in mobile computing and artificial
intelligence  have  produced intelligent plant
identification systems that can identify species from
visual inputs. Nevertheless, a lot of these apps rely
significantly on internet access, which restricts their use
in distant or field-based environments. With an
emphasis on deep learning methods and the
incorporation of offline capabilities, this review offers a
thorough examination of mobile-based plant
recognition systems. Examining several convolutional
neural network (CNN) designs, image preprocessing
techniques, and datasets utilized in the field, the
research assesses each one's performance, effectiveness,
and suitability for deployment on devices with limited
resources. It also draws attention to the difficulties of
offline inference, including limited local data storage,
real-time computation, and model compression. The
study addresses present limits and new trends, such as
federated learning, on-device model training, and
integration with augmented reality, by carefully
comparing existing applications and approaches. The
results highlight the increasing possibility of scalable,
intelligent, and intuitive plant identification systems
that function without internet connectivity, opening the
door for greater accessibility and influence across fields.

Index Terms—Plant, Smartphone, Image Processing,
Mobile, Deep Learning

1. INTRODUCTION

Identification of plant species is an essential
undertaking in many fields, such as botany, ecology,
agriculture, and environmental monitoring. Plants
contribute significantly to social development,
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environmental protection, agricultural development,
and food-related purposes, among other things. Plant-
related areas, such as plant species identification,
disease detection, and yield calculation, require
specialist expertise or a significant amount of labor.
As a result, several researches have focused on
leveraging picture recognition technology to increase
the efficiency with which plant issues are addressed.
In recent years, deep learning has made tremendous
development in the field of image recognition
technology with high performance and has been
effectively implemented in face recognition [1]. An
ML-powered plant disease detector that allows
farmers to identify the 38 most prevalent illnesses in
14 species was designed and implemented by Ahmed
and Reddy. They used 96,206 photographs of both
healthy and sick plant leaves to train a CNN model,
considering images with cluttered backgrounds, poor
contrast, and a range of lighting conditions. They
created a smartphone application to improve the
system's usability, giving farmers with limited
resources a greater chance to identify plant illnesses
early on and stop using fertilizers that aren't right for
their plants and soil [2]. Sun et al. presented a deep
learning enabled mobile application that can be used
only on popular, inexpensive smartphones to
recognize herb images with a competitively high
recognition accuracy when resources are scarce [3].
Yang et al. suggested a mobile detection system for
agricultural diseases that can adjust to a bad network
environment. The support vector machine (SVM)
model uses the morphological properties of rice to
provide offline detection of rice false smut (RFS),
which is assessed using tilt correction techniques,
histogram of oriented gradient (HOG), and
circumscribed rectangle aspect ratio (CRAR) features.
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Field photography was used to get images of rice
lesions [4].

Recent developments in computer vision and deep
learning have greatly increased the precision of
image-based  categorization  systems.  These
technologies have been used by a number of mobile
applications to provide real-time plant species
identification. A significant drawback still exists,
though: the majority of current systems need
continuous internet access in order to process images
and retrieve information [5]. This reliance reduces
their usefulness in isolated or rural locations, where
these gadgets can be most useful. Additionally, a lot
of applications merely provide identification and
provide very little background or instructional
material on the plant species that has been identified.
Through the creation of a smart, lightweight
smartphone application that can function completely
offline, this study suggests a revolutionary method
for plant detection [6]. The system combines a
mobile platform optimized compact convolutional
neural network (CNN) architecture with image
processing algorithms. Without needing internet
connectivity, users may take pictures of plants, get
species predictions, and access important data
including common and scientific names, applications,
maintenance instructions, and natural habitats [7].
The goal is to offer an easy to use, reliable, and
resource-efficient solution that promotes biodiversity
conservation, sustainable agriculture, and
environmental education especially in environments
with poor connection.

2. FOUNDATION AND TECHNOLOGICAL
REVIEW

Plant identification systems' fundamentals have
changed dramatically over time, moving from manual
taxonomy-based techniques to sophisticated digital
platforms. Conventional methods use morphological
analysis of leaves, flowers, and other plant parts
under the direction of botanical keys or professional
advice [8]. Misra and Mall studied the high-accuracy
plant detection from photographic data was made
possible by the use of artificial intelligence, namely
deep learning using convolutional neural networks
(CNNs). These models are perfect for biological
classification tasks because of their exceptional
ability to extract intricate patterns and features from
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huge picture collections [9]. These Al models have
made it easier to create portable plant identification
tools, especially when combined with the growing
processing power of mobile devices. Additionally,
these models may now be deployed on devices with
little processing power because to optimization
approaches like model quantization, pruning, and the
use of efficient architectures like MobileNet and
EfficientNet, allowing offline inference [10].

Accurate and effective offline plant
identification is made possible by the suggested
system's organized methodology, which combines
deep learning, image processing, and mobile
optimization. It involves applying preprocessing
methods including scaling, noise reduction, and color
normalization to raw photographs taken with the
mobile device in order to improve image quality and
standardize inputs [11]. Utilizing methods such as
model pruning and quantization with TensorFlow
Lite, a lightweight Convolutional Neural Network
(CNN) model especially tailored for mobile
environments is used for feature extraction and
classification. By doing this, the accuracy of
categorization and computing efficiency are balanced.
Using a carefully selected set of photos of identified
plant species, the model was trained [12]. Transfer
learning was then employed to take use of previously
taught architectures for better generalization. After
identifying a plant species, the program does not
require network access because it pulls structured
data from a locally stored database. This database
contains information about habitat, common and
scientific names, usual uses, and maintenance
instructions [13]. The system architecture is
appropriate for field applications in rural and isolated
locations as it is made to offer real-time performance
on low-power devices. The technique guarantees a
user-centered, scalable approach to intelligent plant
recognition with a focus on sustainability, accuracy,
and accessibility. The technical shift from manual
identification to contemporary, Al-driven mobile
solutions is explained in this part, which also
prepares the reader for a more thorough examination
of system designs and approaches in later sections.

3. APPLICATION FEATURES

Users of diverse backgrounds, including farmers,
students, and nature lovers, may engage with the
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smartphone application with ease because to its user-
friendly layout. When the app first launches, users
have the option to import an existing photo from their
library or take a picture of a plant using the in-app
camera [14]. The inbuilt CNN model processes the
image instantly and provides a plant species estimate
in a matter of seconds. Apart from identification, the
app offers thorough offline access to pertinent
botanical data, such as the plant's common and
scientific names, ecological habitat, traditional
applications, and important maintenance advice. The
app's local database is used to obtain this data,
guaranteeing complete operation even in the absence
of internet connectivity [15]. Figure 1 shows the
entire process of developing a deep learning-based
intelligent mobile plant identification system,
emphasizing both the offline deployment and model
development. Getting a tagged picture collection with
different plant species is the first step in the
procedure. In order to standardize picture quality,
lower noise, and guarantee consistent input to the
model, these photos are separated into training and
testing sets. A deep learning model, usually a
convolutional neural network (CNN), is then trained
and validated using the training pictures, and model

performance is evaluated using the testing images [5].
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Figure 1: Mobile Application System
Architecture [5]
Additionally, the app enables bilingual material,
which broadens its appeal and allows for regional
adaptation. Future upgrades will constantly increase
model accuracy and improve usability by
incorporating additional features like offline caching,
image history, and user feedback gathering. The
application's primary goal of being a useful and
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educational tool for field-based plant identification
and teaching is supported by its lightweight structure
and effective design, which guarantee quick
performance even on low-end devices [16].

4. MOBILE-BASED PLANT IDENTIFICATION:
STATE OF THE ART

High-resolution  photography, Al-based visual
recognition, and improvements in mobile technology
have all contributed to the recent explosion in the
creation of mobile applications for plant
identification. Because deep learning models trained
on big, annotated datasets can identify hundreds of
plant species, applications like PlantNet, LeafSnap,
Flora Incognita, and Picture. This have gained
widespread use [17]. In the majority of these
applications, the user-captured image is transmitted
to a distant server for processing and categorization
using cloud-based technologies. Although this
paradigm provides regular model updates and access
to strong computing resources, it also creates
restrictions in settings with inadequate internet
connectivity [18]. Fewer tools, on the other hand,
have investigated offline capabilities by directly
integrating lightweight neural networks into the
mobile device, allowing for real-time identification
without the need for data transfer. The feature sets,
distribution tactics, and architecture of both offline
and online plant identification applications are
reviewed in this section [19]. A comparative
comparison based on performance criteria, including
species coverage, offline usability, user interface
design, inference speed, and recognition accuracy, is
also presented. According to the research, there is an
increasing trend toward hybrid models that seek to
strike a balance between accessibility and accuracy,
guaranteeing that intelligent plant identification
systems continue to be useful and inclusive in a
variety of use cases.

5. DEEP LEARNING MODELS FOR PLANT
RECOGNITION

Modern plant identification algorithms now rely
heavily on deep learning, especially convolutional
neural networks (CNNs), because of their exceptional
capacity to extract hierarchical visual cues from
intricate natural data [20]. Although early models like
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AlexNet and VGGNet showed promise in
classification, their high processing requirements
prevented them from being used on mobile devices.
Lightweight designs like MobileNet, SqueezeNet,
and EfficientNet have therefore become more
popular recently. These architectures provide a fair
trade-off between accuracy and computing
performance, which is essential for offline mobile
apps [21]. Transfer learning is widely used because it
reduces training time and improves generalization by
enabling pre-trained models on large datasets, such as
ImageNet, to be refined on particular plant picture
datasets. Preprocessing methods  including
background elimination, leaf segmentation, and
picture augmentation are essential for increasing
recognition accuracy in a variety of scenarios, in
addition to model architecture [22]. Additionally, the
choice of datasets such as PlantCLEF, Flavia, and
Foliar has a big influence on how well the model
performs, with species balance, diversity, and picture
quality being important factors. In the context of
offline, mobile plant identification systems, this
section examines the development, composition, and
suitability of many deep learning models and picture
preprocessing techniques.

6. COMPARISON OF DEEP LEARNING-
BASED PLANT IDENTIFICATION SYSTEMS
FOR MOBILE AND OFFLINE
APPLICATIONS

Considerable progress has been made in model
design, platform compatibility, and offline
functionality when comparing current deep learning-
based plant identification systems. With their
intermediate accuracy (~70—85%) and lack of oftline
capabilities, early systems like LeafSnap and
PlantNet which relied on classical computer vision
and cloud-based CNN models were less appropriate
for field application in remote locations [23]. In order
to overcome connectivity constraints in real-world
situations, more recent systems like Flora Incognita
and PlantID have included lightweight deep learning
models like MobileNetV2 and ResNet, enabling
partial or complete offline operation with enhanced
accuracy (~85-90%) [24]. Although PlantDoc and
DeepLeaf were mainly concerned with identifying
plant diseases using dense CNNs such as DenseNet
and VGG-16, they lacked mobility and real-time
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capabilities and were frequently restricted to desktop
or cloud platforms. The study's suggested method, on
the other hand, makes use of a highly effective
MobileNet or EfficientNet-Lite model designed for
mobile inference, providing real-time performance,
high accuracy (90-94%), and complete offline
capabilities [25]. For botanists, agriculturists, and
environmentalists who operate in field settings
without reliable internet connectivity, this makes it
seem like a more useful and approachable option. An
important step toward improving the accessibility,
responsiveness, and dependability of intelligent plant
identification tools is the transition from cloud-
dependent designs to optimized on-device models.
Table 1 shows the details of comparison of deep
learning-based plant identification systems.

TABLE 1: Comparison of Deep Learning-Based
Plant Identification Systems
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7. CHALLENGES AND RESEARCH GAPS

The development of intelligent mobile plant
identification systems, particularly those intended for
offline usage, continues to face a number of practical
and technological obstacles despite notable progress.
One of the main problems is that models trained on
particular datasets have limited generalization; they
frequently perform poorly in a variety of real-world
scenarios, including occlusion, changing illumination,
seasonal variations, and picture noise [34].
Furthermore, the scalability and inclusivity of current
systems are hampered by the lack of data on rare,
regionally unique, or endangered plant species.
Model optimization for offline inference is still a
deployment barrier, especially when it comes to
striking a balance between model size and
recognition accuracy on low-end devices [35].
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Limited device resources, such as limited GPU
capability, @RAM limitations, and  battery
consumption, can cause additional issues that impact
usability and real-time performance. Integration gaps
also exist, such as the absence of extensive local
databases that offer trustworthy contextual
information such as ecological value, toxicity, or
medicinal applications in addition to species
identification [36]. Many systems are not user-
friendly enough for non-expert users, have inclusive
UI/UX designs, or support several languages. To
close these gaps and make plant identification really
commonplace, precise, and easy to use,
interdisciplinary cooperation, a wider range of
datasets, and developments in lightweight Al and
edge computing technologies are needed [37].

8. RESULTS AND EVALUATION

Intelligent mobile plant identification solutions are
evaluated using both application-level usability
standards and model performance indicators. From a
machine learning standpoint, the efficacy of deep
learning models on carefully selected test datasets is
evaluated using important metrics including accuracy,
precision, recall, Fl-score, and inference time [38].
To ascertain if offline operation is feasible for mobile
deployment, other variables such as model size,
latency, battery usage, and resource use are essential.
On mid-range mobile devices, studies covered in this
paper show that optimized CNN architectures such as
MobileNetV2 and EfficientNet-Lite may achieve
plant recognition accuracies above 90% with minimal
latency (less than 1 second) [39].

High satisfaction with species recognition is shown
by user feedback from field deployments of apps like
Flora Incognita and LeafSnap; yet, it also points up
shortcomings in offline data retrieval and local
species coverage [40]. Qualitative assessments also
highlight how crucial it is to have user-friendly
interfaces, work consistently with different picture
quality, and incorporate instructional materials. This
section offers benchmarks for future progress in
offline-capable plant recognition systems by
combining results from several empirical
investigations and comparing systems using both
technical and user-oriented assessment criteria [41].

9. CONCLUSIONS
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The need for efficient and user-friendly plant
identification tools has increased due to the rising
interest in biodiversity conservation, sustainable
agriculture, and environmental monitoring on a
worldwide scale. Conventional identification
techniques mostly rely on personal inspection and
specialist knowledge, which can be expensive, time-
consuming, and impractical in field or remote
settings. Mobile-based plant identification systems
have become viable options as a result of the
widespread use of cellphones and developments in
artificial intelligence, particularly deep learning.
However, the field's fast progress across botany,
computer vision, machine learning, and mobile
computing has led to a large and dispersed body of
study. With differing degrees of success and
constraints, a multitude of deep learning models,
datasets, application architectures, and offline
recognition techniques have been put forth. To
determine current trends, obstacles, and gaps, it is
important to compile and evaluate these
developments.

A thorough review article will:

a. Provide an overview of the architectures, training
plans, and performance indicators of the most
advanced deep learning methods used for plant
recognition.

b. Examine mobile deployment strategies that
prioritize user interface design, computing efficiency,
and offline capabilities.

c. Talk about the difficulties with model
generalization, dataset variety, and practical
application limitations including species similarity,
occlusion, and illumination.

d. Emphasize current plant databases and data
visualization techniques that are connected to
identification systems.

e. Describe potential avenues for future study, such
as improved user involvement, multimodal data
integration, and model optimization.
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