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Abstract

This study aims to develop and evaluate a deep learning-based mobile application for the automated classification of ornamental plants,
addressing challenges associated with visual similarity among species and environmental variability during image acquisition. The
proposed system utilizes a Convolutional Neural Network (CNN) based on the MobileNetV2 architecture, selected for its lightweight
structure and deployment efficiency on resource-constrained mobile devices. The dataset comprises approximately 600 images representing
10 ornamental plant classes, collected from real-world environments, and processed through a standardized preprocessing pipeline. Model
training was conducted using the Teachable Machine platform over 100 epochs, with a batch size of 16 and a learning rate of 0.001,
allocating 90% of the dataset for training and 10% for testing. Experimental results indicate that the proposed model achieves a
classification accuracy of 96.3%, corroborated by evaluation metrics including accuracy curves, loss convergence, and class-wise
performance analysis. The trained model was successfully converted into a lightweight format and integrated into an Android-based mobile
application developed using the Flutter framework. Functional testing demonstrates that the application performs effectively in real-time
classification scenarios, maintaining high accuracy and responsive on-device inference without relying on cloud computing. In conclusion,
this study confirms that lightweight deep learning architectures, such as MobileNetV2, can be effectively implemented in mobile
environments for ornamental plant classification. The proposed application enhances accessibility and usability, enabling rapid and
accurate plant identification. Furthermore, this approach contributes to practical applications in horticulture, education, and biodiversity
awareness, while demonstrating the feasibility of deploying efficient deep learning models on mobile platforms.
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1. Introduction

The rapid advancement of deep learning has opened transformative possibilities across numerous scientific and applied domains,
particularly in automated visual recognition tasks. In the context of botanical science, the classification of ornamental plants represents a
domain of considerable practical significance, given the growing demand for accessible identification tools among horticultural
practitioners, landscape designers, and plant enthusiasts. The development of a mobile deep learning application for ornamental plant
classification, utilizing Convolutional Neural Networks (CNNs), represents a pivotal convergence of advanced computer vision
methodologies with tangible ecological and horticultural requirements. This approach exploits the hierarchical feature learning capabilities
that are intrinsic to CNN architectures to address the inherent difficulties associated with automated plant identification. Such difficulties
include substantial intra-class variability arising from disparate growth stages, fluctuating illumination conditions, and variable viewing
perspectives [1], as well as pronounced inter-class morphological similarity frequently observed among taxonomically related species [2]
[3]-

To effectively mitigate these visual recognition challenges within the constraints of portable computing platforms, successful
implementation requires meticulous architectural selection and optimization procedures tailored specifically to the limitations of mobile
deployment environments. Although conventional CNN architectures such as VGG and ResNet consistently yield high classification
accuracy, the substantial computational resources they demand frequently render them impractical for resource-constrained mobile devices.
Therefore, architectures engineered expressly for computational efficiency most prominently MobileNetV2, which employs depthwise
separable convolutions present a superior balance between predictive performance and inference latency [2]. Through a marked reduction
in the number of trainable parameters and floating-point operations (FLOPs) while preserving competitive accuracy, such models constitute
highly suitable candidates for on-device inference. Critically, this architectural choice eliminates dependence on cloud-based processing

@ @ Copyright © Authors. This is an open access article distributed under the Creative Commons Attribution License, which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://creativecommons.org/licenses/by/4.0/
http://ijesty.org/index.php/ijesty
mailto:nur.gunawan@uinjkt.ac.id

2 International Journal of Engineering, Science and Information Technology, 6 (2), 2026, pp. 1-5

infrastructure, which is an indispensable requirement in field deployment scenarios where network connectivity is inconsistent or entirely
unavailable [4][5].

At a fundamental level, the effectiveness of optimized CNN architectures in this domain is attributable to their capacity to extract
discriminative visual patterns directly from raw pixel data through successive convolutional, pooling, and fully connected layers [6]. In the
carlier stages of'this hierarchical process, the network learns to detect low-level primitives including edges, corners, and chromatic gradients
that remain relatively consistent across diverse visual inputs. In deeper layers, these elementary representations are progressively
synthesized into complex, high-level abstractions specific to plant morphology, encompassing leaf venation patterns, petal arrangements,
and overall structural architecture [7]. This hierarchical learning mechanism effectively automates the traditionally labor-intensive and
expertise-dependent task of manual feature engineering, thereby substantially enhancing both the accessibility and scalability of plant
classification frameworks [3][6].

Beyond architectural considerations and feature representation, the empirical validation of any such system must conform to rigorous
machine learning evaluation protocols. Foremost among these is the curation of a high-quality, sufficiently diverse dataset; such a dataset
must encompass multiple images per ornamental species, acquired under varied environmental and photographic conditions, to ensure
adequate model generalizability [8]. To safeguard the integrity of model evaluation, established practice mandates the application of
stratified train—validation—test partitioning to preclude data leakage. Additionally, the systematic application of data augmentation
strategies including but not limited to random rotation, horizontal flipping, color jittering, and geometric scaling artificially extends the
effective size of the training corpus and substantially improves the model’s capacity to generalize to unseen data [9][10]. Performance
assessment must further extend beyond aggregate accuracy to encompass complementary metrics such as precision, recall, F1-score, and
detailed confusion matrix analyses, all of which are essential for characterizing class-specific behavior. Prior empirical investigations into
leaf-based plant classification have consistently demonstrated that CNN-based approaches attain high accuracy by autonomously extracting
salient features, thereby providing methodological validation for the approach adopted in the present study [6][11][12].

Contextually, the present investigation is situated within the rapidly expanding body of research concerning artificial intelligence
applications in agricultural and botanical sciences. An extensive and growing literature documents the effectiveness of deep learning
architectures across a broad spectrum of plant-related analytical tasks, ranging from pathological disease detection in commercially
significant crops such as tomatoes [10] and citrus [13], to the identification of medicinal herbs [14] and commercially cultivated bamboo
species [15]. Recent studies have further extended CNN applications to ornamental plant species, including chrysanthemum disease
recognition [16], orchid classification [17], chrysanthemum cultivar identification [18], and flower image classification [8][12]. Serving as
a particularly relevant precedent, a recently developed Android-based application for the classification of 79 plant species in Himachal
Pradesh, India, unequivocally demonstrates the practical feasibility and sociotechnical utility of mobile CNN classifiers for real-world
botanical identification [19]. Taken collectively, these empirical investigations corroborate that CNN architectures constitute a well-
validated and powerful paradigm for image-based plant analysis [3][9].

Notwithstanding these well-established capabilities, several domain-specific challenges must be proactively addressed to ensure the
viability of the proposed system in real-world deployment. Chief among these is the relative scarcity of large-scale, publicly available, and
meticulously annotated datasets for ornamental plant species, which constitutes a significant impediment to the training of data-hungry
deep learning models [3][20]. Under such data-constrained conditions, transfer learning emerges as an indispensable methodological
strategy. By initializing the model with weights pre-trained on large-scale generalized image repositories such as ImageNet, the universal
low-level features acquired during pre-training including representations of edges and textural patterns can be efficiently adapted to the
target ornamental plant domain through fine-tuning [15][21]. This approach yields substantial performance improvements while
substantially reducing the volume of labeled training data required. Furthermore, in contexts where annotated data remains ex ceptionally
limited, the incorporation of semi-supervised or few-shot learning paradigms may prove necessary to construct a sufficiently robust
classification model [20].

Considered holistically, the proposed mobile application for ornamental plant classification constitutes a technically rigorous and
practically relevant contribution to applied deep learning research. Through the integration of a lightweight, computationally optimized
architecture such as MobileNetV2 [2], the systematic curation and augmentation of a domain-specific training dataset, and strict adherence
to established best practices in model training and evaluation, the resultant system can deliver accurate, efficient, and broadly accessible
plant identification functionality. This innovation carries implications not only for amateur horticulturalists and plant enthusiasts but also
for broader scientific and conservation efforts, insofar as it democratizes access to botanical expertise and thereby contributes to initiatives
in biodiversity monitoring and ecological preservation [14][19].

Predicated upon this theoretical and empirical foundation, the present research is directed toward the construction of a deep learning model
integrated within a mobile platform. More specifically, this study formulates and implements a CNN-based classification architecture for
deployment within a mobile application designed to enable precise identification of ornamental plant species.

2. Methods

Data collection procedures were executed with the objective of obtaining information necessary for the fulfillment of the stated research
goals. The data acquisition strategies employed in this study encompass field observation, systematic literature review, and a comparative
analysis of methodologically related prior studies.
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The experimental dataset utilized in this investigation consists of a corpus of images representing a variety of ornamental plant species
commonly available through commercial horticultural retail outlets. The procedural stages constituting the deep learning model
development pipeline adopted in this research are delineated as shown in Fig 1.
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Fig 1. Stages Of Deep Learning Model Development and Prototype Creation

Stage 1: Dataset Collection. In this initial stage, image samples intended for inclusion in the research dataset are systematically selected
and curated in accordance with predetermined criteria.

Stage 2: Dataset Processing. This stage encompasses the preprocessing of the assembled dataset, including statistical characterization and
analysis of the distinguishing properties of the data employed in subsequent modeling stages.

Stage 3: Deep Learning Model Construction. This stage involves the architectural design and configuration of the deep learning model,
with the specific objective of producing a trained classifier suitable for integration within a mobile application environment.

Stage 4: Model Testing. During this stage, the trained model undergoes a series of iterative evaluation cycles using the designated dataset,
with the aim of attaining optimal classification performance.

Stage 5: Result Evaluation. The performance characteristics of the deep learning model are assessed comprehensively through the
application of quantitative accuracy metrics and supplementary diagnostic analyses.

Stage 6: Mobile Application Prototype Development. This concluding stage encompasses the construction and functional testing of a
mobile application prototype incorporating the validated deep learning model.

3. Results and Discussion

All experimental procedures were conducted on the Teachable Machine platform, utilizing a hardware configuration consisting of 16 GB
RAM, a 500 GB HDD, an Intel Core i5 processor operating at 2.2 GHz, and the Windows 11 operating system.

For the preparation of the ornamental plant image dataset, photographic documentation was systematically performed for each individual
plant species, yielding a total of 60 to 62 images per category. These images were subsequently organized into discrete directories based
on their respective species classifications. In aggregate, the independently assembled dataset comprises approximately 600 images in JPEG
format. The classification taxonomy encompasses 10 distinct ornamental plant classes, namely: Calathea Ornata, Cemara Silver, Cowboy
Cactus, Kana Varigata, Aloe Vera, Lily Paris, Noto Cactus, Sword Fern, Sansevieria, and Suplir. The photographic procedure was
conducted from multiple viewing angles, with the deliberate aim of ensuring comprehensive coverage of all morphologically relevant
perspectives, thereby enhancing the representational breadth of the training data.

At Dataset Training stage, ninety percent of the total dataset was subjected to model training via the Teachable Machine platform. The
training procedure was executed with the following hyperparameter configuration: 100 epochs, a batch size of 16, and a learning rate of
0.001.

During the data testing phase, a representative selection of image samples was utilized to evaluate and validate the classification model
produced through the preceding training process. This step served to assess the extent to which the trained model generalizes to previously
unseen input data.

The evaluation procedure yielded a comprehensive set of performance indicators, including training accuracy curves, loss progression
graphs, class activation heatmaps, and per-class accuracy rates. These diagnostic outputs collectively provide a multidimensional
characterization of model behavior and classification performance across all defined categories. The accuracy of each classification can
see in Fig 2.

Accuracy per class

CLASS ACCURACY # SAMPLES
Kaktus Koboi 1.00 <
Cemara Perak 1.00 10
Suplir 1.00 10
Noto Kaktus 1.00 10
Sansivera 1.00 10
Lili Paris 1.00 <
Kana Varigata 1.00 10
Lidah Buaya 1.00 10
Calathea Ornata 1.00 10
Pakis Pedang 1.00 10

Fig 2. Accuracy of Each Class



4 International Journal of Engineering, Science and Information Technology, 6 (2), 2026, pp. 1-5

In the subsequent application prototype development phase, the validated model was converted into a format optimized for deployment on
mobile devices. The mobile application was developed using the Visual Studio Code integrated development environment in conjunction
with the Flutter framework, targeting the Android operating system. The resulting prototype was deployed and tested to verify its capacity
to accurately classify the ten designated ornamental plant categories under realistic operating conditions. Prototype can see in Fig.3.
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Fig 3. Mobile App Prototype using Deep Learning Model

4. Conclusion

The findings of this study demonstrate that the implemented deep learning model can classify ornamental plant species with a high degree
of accuracy. The systematic collection and preprocessing of the training dataset have been shown to contribute substantively to the
attainment of optimal classification outcomes. Furthermore, the mobile application integrated with the deep learning model exhibits
responsive operational performance and consistently produces accurate classification results. Accordingly, the outcomes of this
investigation confirm that the deployment of deep learning models within mobile application frameworks represents an effective and
computationally efficient strategy for automated ornamental plant classification.

The integration of deep learning models into mobile-based classification systems carries a number of significant implications for both
practice and research. In the first instance, the application of deep learning methodologies has been shown to substantially improve the
accuracy of ornamental plant classification, thereby providing a methodological reference for developers engaged in visual object
classification within mobile environments. In the second instance, the embedding of such models within mobile applications substantially
enhances user accessibility, enabling rapid and convenient retrieval of information pertaining to ornamental plant species. Collectively, the
implications of this research hold considerable potential for increasing public engagement with, and awareness of, ornamental horticulture,
while simultaneously contributing to broader efforts in botanical education and biodiversity awareness.
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