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Abstract Accurate identification of avocado (Persea americana Mill.) varieties based on leaf morphology is essential
for precision agriculture, breeding programs, and field-based decision support, yet remains challenging due to subtle inter-
varietal similarities and environmental variability. This study proposes a STEM-based deep learning framework for avocado
leaf classification using advanced Deep Convolutional Neural Networks (DCNNs). A dataset comprising 7,000 leaf images
from seven avocado varieties was collected under diverse field conditions and systematically annotated with environmental
and morphological metadata. Three architectures namely EfficientNetV2, ConvNeXt, and ViT-Hybrid CNN were evaluated
using 10-fold cross-validation to ensure robust performance estimation. Statistical rigor was reinforced through paired
t-tests and 95% confidence intervals for accuracy, precision, recall, and F1-score. Experimental results demonstrate
that EfficientNetV2 achieved the highest classification accuracy of 98.71% (95% CI: [98.45%, 98.97%]), significantly
outperforming competing architectures (p < 0.05), while maintaining favorable computational efficiency. Explainable AI
(XAI) analysis using Grad-CAM revealed that the proposed models consistently focused on biologically relevant leaf
regions, such as vein structures and leaf margins, enhancing model interpretability and practical relevance. Further evaluation
under unconstrained real-world conditions showed only a modest performance degradation, confirming model robustness.
Comparative analysis with lightweight architectures (MobileNetV3, ShuffleNet, and EfficientNetV2-Lite) highlighted clear
trade-offs between classification accuracy and deployment feasibility for edge-based applications. Overall, the proposed
framework demonstrates that RGB-based DCNN models can achieve accurate, interpretable, and deployable avocado variety
classification using low-cost imaging devices, offering a scalable solution for real-world agricultural applications.
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1. Introduction
Food security is a fundamental aspect of national development because it is directly related to the quality of life,

public health, and economic stability of a country [1, 2]. In the current global context, the issue of food security
has become increasingly urgent due to three main factors: climate change, rapid population growth, and limited
agricultural land. Significant and sustained climate change can affect rainfall patterns, increase the frequency of
natural disasters, and degrade ecosystems making agricultural productivity unpredictable [3]. Avocado (Persea
americana Mill.) is one of the horticultural crops that has great potential to maintain national food security, but
its utilization has not been done optimally. The advantages of avocado that make it ideal to support national food
security are rich in nutrition and have strong economic value [4, 5]. Avocado is included in superfoods that contain
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a lot of potassium, vitamins E and K, and unsaturated fats that can improve heart health. Therefore, avocado is one
of the strategic commodities. This commodity can improve welfare, support food diversification and increase the
resilience of the national food system in the long term.

Figure 1. Illustration of an avocado tree with its fruits and leaves

Figure 1 shows (a) a representation of an avocado tree, (b) a visualization of an avocado fruit, and (c)
a depiction of an avocado leaf. Leaves play a crucial role in producing quality avocado fruit because they
are directly related to the efficacy of photosynthesis. Morphologically, leaves have shape, size, texture, and in
particular green pigmentation with chlorophyll concentration within them. This leaf morphology not only helps
differentiate between varieties but also serves as an indicator of the plant’s physiological capacity [6, 7]. In
the past, avocado variety classification was carried out by horticulturists through visual assessment. However,
this method was generally subjective and prone to inconsistencies. Recent technological advances have enabled
more objective and quantitative assessment of leaf characteristics through digital image analysis and machine
learning techniques [8, 9]. In this context, machine learning provides a data-driven framework for the automatic
and objective classification of avocado leaves, leveraging image processing and advanced classification algorithms
to achieve high precision and reliability [10, 11].

The application of machine learning, namely Deep Convolutional Neural Networks (DCNN), not only
prevents human errors but also improves operational efficiency, facilitates rapid classification of leaf specimens
and enhances the precision of variety identification, which is crucial for informed scientific decision-making
in the field of avocado breeding and cultivation [15][16]. This study uses the STEM (Science, Technology,
Engineering, and Mathematics) framework to ensure a comprehensive and structured analysis in exploring the
morphological properties of avocado leaves[12][13]. This study is grounded in a STEM-based computational
thinking framework, consistent with previous findings highlighting the effectiveness of deep learning approaches
in supporting analytical reasoning and scientific problem-solving [56]. The scientific aspect deals with the
morphology and characterization of avocado leaves. The technological and engineering aspects will include the
application of advanced computing devices and image processing methods for analysis and explainable artificial
intelligence (XAI) techniques are integrated to visualise specific leaf contours. In addition, this study uses three
DCNN architectures, namely EfficientNetV2, ConvNeXt, and Vision Transformer (ViT)-Hybrid CNN and three
Lightweight models (MobileNetV3, ShuffleNet, EfficientNetV2-Lite) to classify leaves accurately and consistently.
On the other hand, The mathematical aspect plays a critical role in developing robust classification models by
integrating statistical evaluation, feature extraction techniques, and DCNN-based optimization strategies to achieve
precise and reliable leaf attribute classification [17, 18, 26].

2. Research Methods
To ensure dataset standardization while reflecting real-world field conditions, avocado leaf images were

acquired under diverse environmental settings, including variations in ambient temperature, relative humidity,
and illumination intensity commonly observed in orchard environments. During image acquisition, temperature
and relative humidity were measured using a portable digital agro-meteorology logger, while illumination
levels were recorded using a handheld lux meter. All images were captured under natural lighting conditions
using a smartphone camera (108 MP, focal length 1.8 mm). To enhance data transparency and reproducibility,
relevant acquisition metadata were systematically recorded, including camera specifications, illumination
intensity, geographic coordinates, leaf growth stage, and visually observed stress conditions. Each sampling
location was georeferenced to preserve environmental context, and leaf developmental stage and stress status
were annotated based on in-field observations. Incorporating controlled environmental variability and detailed
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metadata documentation reduces bias associated with homogeneous acquisition conditions and supports improved
generalization of the proposed model to unseen field environments.

Figure 2. The steps of avocado leaf classification using DCNN

Figure 2 shows the proposed framework method and consists of three sequential stages. The first stage, (i)
Preprocessing is the process of preparing raw input data by applying operations such as cleaning, normalization,
resizing, and enhancement to ensure consistency and reduce noise. The dataset is randomly divided into three parts
with a percentage of 70% for training, 15% for validation, and 15% for testing to ensure the model is balanced
during the learning and evaluation process [18]. In addition, data augmentation techniques are also carried out to
improve model generalization and reduce overfitting. The data augmentation carried out includes random rotation
(±20°), horizontal and vertical flips, scaling and shifting, and random brightness and contrast adjustments. During
this process, all input image sizes are resized to match the model’s input dimensions of 224×224 pixels. This
aims to ensure uniformity and compatibility with the DCNN architecture. Next, pixel values will be normalized
to the range [0, 1] for numerical stability and to maintain the ImageNet normalization scheme or to the range
[1, 1][19]. Additionally, the class labels corresponding to the seven avocado leaf varieties were converted using
one-hot encoding to produce an output vector that was mapped to a softmax activation layer.

The second stage of this process is (ii) Extraction of features and recognition of patterns. During this phase,
the convolutional layers of a deep convolutional neural network (DCNN) architecture function as hierarchical
feature extractors that gradually transform raw pixel information into abstract and meaningful feature maps. Low-
level visual cues, such as edges, color gradients, and texture orientations, are captured by early convolutional layers.
Next, deeper layers serve to encode high-level structural attributes and spatial correlations to distinguish between
different types of avocado leaves. At this stage, a padding matrix is introduced to preserve spatial dimensionality
and prevent the loss of edge information during the convolution operation. The extracted features are further
processed by fully connected layers and softmax activation layers, which facilitate pattern recognition and decision
mapping. This enables the network to associate specific feature combinations with corresponding class labels
[54, 55].

Finally, the third stage as (iii) Evaluation. In this stage, the trained DCNN model is evaluated using a previously
unseen test dataset to measure its ability to generalise beyond the training sample. A range of evaluation metrics are
employed to provide a comprehensive assessment of the classification performance, including accuracy, precision,
recall, F1 score and the confusion matrix. This enables the identification of potential errors in classification process.
As illustrated in Figure 2.
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2.1. Digital Image Processing

An image can be mathematically represented as a two-dimensional function f(x, y), where x and y denote the
spatial coordinates in a plane, and the value of f at any coordinate pair (x, y) corresponds to the amplitude, which
is commonly referred to as the intensity or grayscale level at that point, see Figure 3. When the spatial coordinates
(x, y) as well as the intensity values f are finite and quantized into discrete levels, the image is no longer continuous
but instead becomes a collection of discrete samples. In this case, the image is categorized as a digital image, since
both its spatial domain and intensity range are represented in discrete form [25].

Figure 3. Image extraction for DCNN process

Image feature extraction in Deep Convolutional Neural Networks (DCNN) refers to the transformation of raw
pixel data into a hierarchical representation of informative features that capture structural patterns within an image
see Figure 3.

2.2. Artificial Neural Networks Architecture

The field of data mining frequently employs Artificial Neural Networks (ANNs) which consist of
interconnected nodes analogous to neurons in the human brain. Each node, or perceptron, acts as a processing
unit that integrates signals transmitted through weighted connections. These weights determine the strength of
interactions between neurons and regulate the flow of encoded information [27, 28, 29]. An ANN typically
comprises three layers: an input layer that receives external data, one or more hidden layers where computations
and pattern learning occur, and an output layer that produces predictions or classifications, as illustrated in Figure
4. Mathematically, neuron connections are represented by a weight matrix W = (wij). For a neuron Yj , the input
is the dot product of the input vector x = (x1, x2, . . . , xn) and the weight vector wj : Ŷ =

∑n
i=1 xiwij . A bias term

(β) can be added by augmenting the input vector with x0 = 1, yielding: Ŷ = βj +
∑n

i=1 xiwij .
The basic operation of neural networks is to sum its weight times input signal and apply the activation

function. There are some types of activation functions are: (i) Linear activation function Ŷ = f(x) = ax+ b, when

a = 1, b = 0, it is an identity; (ii) Binary step activation function with threshold θ; Ŷ = f(x) =

{
1 if x ≥ θ

0 if x < θ
;

(iii) Binary sigmoid activation function Ŷ = f(x) = 1
1+e−σx , and f ′(x) = σf(x)[1− f(x)]; (iv) Bipolar sigmoid

activation function Ŷ = g(x) = 2f(x)− 1 = 1−e−σx

1+e−σx , and g′(x) = σ
2 [1 + g(x)][1− g(x)]; (v) Hyperbolic tangent

activation function (Tanh) Ŷ = h(x) = ex−e−x

ex+e−x , and h′(x) = [1 + h(x)][1− h(x)]
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Figure 4. The fully connected Artificial Neural Networks architecture

2.3. DCNN Algorithm

For developing a good model of ANN, we use the following multilayer Perceptron algorithm. The modification
of ANN is proposed to development Deep Convolutional Neural Networks (DCNNs) architechtures. Deep
Convolutional Neural Networks (DCNNs) are a class of neural networks specifically designed to process data with
a grid-like structure, such as images. A CNN is characterized by the presence of layers that perform convolution
operations to automatically extract features from the input. The process begins by partitioning the input image into
multiple small, often overlapping, regions, as illustrated in Figure 5. This localized division allows the network to
focus on smaller details within the image while preserving spatial relationships [30, 31].

General DCNN Algorithm

Step 0. Initialize parameters: Weights (w), bias (β), learning rate (α),
and error goal.

Step 1. Feedforward stage hi = β +
∑n

i=0 xi · wi,j , where n is the number
of inputs.

Step 2. Calculate the output yinj
= β +

∑n
i=0 wi,j · hi

Step 3. Output activation using log-sigmoid ŷm = 1

1+e−yinm

Step 4. Calculate the output error δki = (t− ŷi)
2, and MSE =

∑n
i=0(t−ŷi)

2

n
Step 5. Calculate the backpropagation error between output layer

and hidden layer δj′j = β
∑n

i=0 wi,j · δki
Step 6. Calculate the backpropagation error between hidden layer and

input layer δj′j =
∑n

i=0 wi,j · δki
Step 7. Update weight and bias wnew = wold + α · δki · hi, βnew = βold + α · δjj · xi

Step 8. Checking the termination criteria (epoch reaches the maximum number
or MSE ≤ error goal)

Step 9. If not, go back to Step 1.
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Figure 5. Architecture of the CNN

In this study, three deep convolutional neural network (DCNN) architectures were applied including
EfficientNetV2, ConvNeXt, Vision Transformer (ViT)-Hybrid CNN and three Lightweight models
(MobileNetV3, ShuffleNet, EfficientNetV2-Lite). Paired t-tests were performed using accuracy values obtained
from the 10-fold cross-validation to evaluate whether performance differences between models were statistically
significant. A significance level of 0.05 was adopted. In addition to statistical significance testing, 95% confidence
intervals (CI) were computed for accuracy, precision, and recall based on the results of the 10-fold cross-validation
to quantify performance

EfficientNetV2 is an advanced DCNN architecture designed to optimise the balance between accuracy,
computational efficiency and scalability. By integrating compound scaling and introducing Fused-MBConv blocks,
EfficientNetV2 accelerates the training process while maintaining a high level of representational capacity. In
addition, EfficientNetV2 has three main differences compared to its predecessor, namely the use of a smaller
expansion ratio to reduce memory load, prioritization of small kernels (3×3) with additional layers to maintain
the receptive field, and the elimination of the last step with stride 1̄ to reduce the number of parameters and
memory access complexity [21]. Studies have demonstrated its superior performance in medical and industrial
image processing tasks, achieving high accuracy and robustness at a lower computational cost, particularly when
combined with transfer learning techniques for small-scale datasets. The illustration of EfficientNetV2 architecture
show on Figure 6.

Figure 6. EfficientNetV2 architecture[16]
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The second architecture is ConvNeXt, is a modern convolutional framework that reinterprets classical CNN
design principles through the lens of Vision Transformers. By incorporating layer normalisation, depthwise
convolution, and residual connections, ConvNeXt bridges the gap between convolutional and transformer-based
models [19, 22, 23]. The illustration of Architecture of the ConvNeXt architecture show on Figure 7.

Figure 7. Architecture of the ConvNeXt[19]

The third architecture is Vision Transformer (ViT)-Hybrid CNN, combines the local feature extraction power
of CNNs with the global attention mechanism of Transformers. This hybrid framework employs progressive
tokenisation and convolutional embeddings to overcome ViT’s reliance on large-scale pre-training[24, 57]. The
illustration of Architecture of the ConvNeXt architecture show on Figure 8.

Figure 8. Architecture of the Vision Transformer (ViT)-Hybrid CNN

To ensure methodological transparency and reproducibility, full implementation details of the proposed
system are provided in this section, including model configurations, hyperparameters, preprocessing procedures,
augmentation settings, and computational environment. Table 1 presents the training hyperparameter configuration
of the proposed model.The training process utilized the Adam optimization algorithm, categorical cross-entropy
loss, dropout regularization, and He-normal weight initialization. Image inputs were standardized through uniform
resizing prior to training. All models were implemented using TensorFlow/Keras and trained under identical
conditions to enable fair comparison across architectures[60, 61]. The EfficientNetV2 backbone was configured
using its default compound scaling strategy, with Fused-MBConv blocks applied in the early stages and regular
MBConv blocks in later stages [58, 59]. The input resolution was set to 224×224 pixels for all models. For
comparison, ConvNeXt and the ViT-Hybrid CNN were implemented with their standard base configurations to
avoid architectural bias. Kernel size was fixed at 3×3 for all convolutional stages in EfficientNetV2.
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Table 1. Training Hyperparameters in This Study

Parameter Value
Learning rate 0.0001
Optimizer Adam
Batch size 32
Epochs 100
Loss function Categorical cross-entropy
Dropout 0.3
Weight initialization He-normal
Input resolution 224×224

Table 2 presents the data preprocessing and augmentation steps applied in this study. Image normalization was
performed using a standard reference distribution to align input data with the pretrained model requirements. All
images were resized to a uniform spatial resolution prior to training. To enhance data diversity and improve model
generalization, several augmentation techniques were applied, including horizontal flipping, rotation, brightness
and contrast adjustment, as well as random zooming. These operations were designed to simulate variations
commonly encountered in real-world image acquisition conditions[62, 63].

Table 2. Data Augmentation and Preprocessing Steps

Step Parameter
Normalization ImageNet mean/std
Resizing 224×224 px
Horizontal flip p = 0.5
Rotation ±20◦

Brightness adjustment 0.8–1.2
Contrast adjustment 0.8–1.2
Random zoom 0.95–1.05

The hardware and software configuration summarized in Table 3 was selected to ensure a reliable and
reproducible experimental environment. The use of a standard computing platform with integrated processing
capabilities reflects a realistic and accessible setup for model development and evaluation. Employing a widely
adopted operating system and a high-level programming language facilitates compatibility and ease of replication
across different research settings.

Table 3. Hardware and Software Configuration

Component Specification
GPU Intel UHD Graphic
CPU Intel Core I5-1035G1
RAM 8 GB
OS Windows 11
Python 3.10
TensorFlow 2.11
CUDA/cuDNN matching version

2.4. Environmental Conditions and Datasets
The model demonstrated stable performance across different microclimate conditions, indicating that the

inclusion of environmental variation during dataset collection contributed to improved robustness. This finding
suggests that standardized acquisition procedures and environmental metadata are essential for real-world
deployment of computer-vision-based variety identification [64]. These acquisition details, including camera
specification, field illumination, growth stage, and stress status, contribute to model robustness by ensuring that
the dataset reflects realistic field variations rather than only controlled imaging conditions[65]. Accordingly, the
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field data acquisition parameters summarized in Table 4 provide critical contextual support for these findings
by documenting the imaging conditions and environmental factors under which the dataset was collected.
Additionally, the representative samples summarized in Table 5 were selected to balance intra-class variability
and inter-class consistency. Controlled image acquisition conditions and careful sample selection ensure that the
dataset reflects meaningful morphological differences among avocado varieties while minimizing bias arising from
illumination, scale, or viewpoint inconsistencies.

Table 4. Field Data Acquisition Parameters

Category Variable Value / Range Instrument Notes

Camera
Sensor model Sony IMX682 Smartphone camera 1/1.7” CMOS sensor
Resolution 3000× 4000 px Native setting No digital zoom applied
File format JPEG Default setting Stored without recom-

pression

Environmental Sensors
Air temperature 26–33◦C Digital thermometer Ambient temperature

during capture
Air humidity 65–88% Digital hygrometer Relative humidity mea-

surement
Light intensity 350–900 lux LX-1108 lux meter Measured at leaf surface

Location Coordinates −8.159◦, 113.702◦ Smartphone GPS Jember, East Java
Orchard type Smallholder farm Field observation Rainfed plantation

Leaf Stage Growth stage Young / mature Visual assessment Expert phenological
annotation

Stress Status Disease symptoms Mild–severe Field inspection Lesion and chlorosis
observed

Environmental stress Drought / normal Soil observation Dry-season sampling

Table 5. Overview of Representative Avocado Leaf Samples

Avocado Variety Notes
Hass Representative samples captured under consistent illumination conditions,

including both young and mature leaves with stressed and non-stressed
appearances.

Clara Samples illustrate characteristic vein variations observed across different
growth stages and stress conditions.

Aligator Leaves selected to reflect a similar size range and morphology under
uniform illumination.

Marcus Examples include field-level variations resulting from natural environmen-
tal conditions.

Sujuavo Representative leaves captured with comparable lighting and consistent
camera viewpoints.

Yamagata Samples obtained using similar camera angles to ensure visual consistency
across classes.

Pluwang Balanced visual examples selected to minimize bias and represent typical
morphological traits.

To provide a transparent overview of the dataset composition, we also included representative sample images
from each class with similar distribution in terms of viewpoint, illumination, and growth stage. These visual
samples allow readers to observe inter-class morphological differences as well as intra-class variations, thereby
enhancing the interpretability of the dataset characteristics [66]. By presenting comparable visual examples across
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all classes, the dataset section enables better understanding of the inherent complexity of the leaf samples and
supports reproducibility for future comparative studies.

2.5. Expert-Based Morphological Validation of XAI Outputs
To assess the biological plausibility of the XAI results, a qualitative expert-based validation was conducted[67].

Selected Grad-CAM visualizations were reviewed by horticulture experts specializing in avocado morphology.
The experts examined whether the highlighted regions corresponded to known varietal characteristics such as leaf
venation patterns, leaf margins, and overall leaf shape. This validation aimed to ensure that the model’s decision-
making process aligns with established botanical knowledge[68].

2.6. Deployment Prototype on Smartphones
To demonstrate real-world deployment feasibility, a prototype Android application was developed to perform

avocado leaf classification using the trained deep learning model [69, 70]. Figure 9 shows that Android application
development has several stages starting from data collection, selecting a CNN model, creating coding and the
application development process. The application allows users to capture or upload leaf images and receive real-
time classification results. This prototype serves as a proof-of-concept for edge-based deployment under practical
conditions. To assess real-world applicability, additional experiments were conducted using images captured in
unconstrained conditions, including varying illumination, background clutter, and partial leaf occlusion[71]. A
subset of field-relevant images was evaluated using the developed Android application to measure indicative
accuracy and inference time. To evaluate the practical utility of the proposed model, additional testing was
conducted using real-world images captured under unconstrained field conditions[72]. The performance of the
model was compared between the controlled dataset used for training and a subset of real-world images acquired
via a smartphone-based Android application[73].

Figure 9. Android Application Design Process for Avocado Leaf Classification

3. Result and Discussion
This study evaluates three state-of-the-art deep convolutional neural network (DCNN) architectures

representing recent advances in computer vision. EfficientNetV2 employs compound scaling to balance network
depth, width, and input resolution, enabling high accuracy with computational efficiency. ConvNeXt modernizes
convolutional design through simplified blocks, improved normalization, and large-kernel convolutions to
achieve performance comparable to Vision Transformers while retaining CNN efficiency. In contrast, the Vision
Transformer (ViT)-Hybrid architecture integrates CNN-based feature extraction with transformer self-attention
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mechanisms to capture global pixel dependencies more effectively [20]. These architectures were selected to
systematically analyze the trade-offs between classification accuracy and computational efficiency in avocado leaf
image classification [14, 15]. The results demonstrate that DCNN-based models can accurately classify avocado
varieties using leaf morphological features, effectively capturing subtle visual differences that are challenging
for human observation [32]. Moreover, the findings highlight the potential of image-based DCNN approaches as
practical and scalable solutions for plant identification in modern agricultural applications.

3.1. Science Aspect
The Science aspect of this research focuses on the DCNN used for avocado leaf classification based on the

basic principles of avocado plant morphology and genetic diversity. Avocado leaf morphology forms phenotypic
variations resulting from a combination of environmental and genetic factors [33, 35, 36]. Generally, each avocado
variety has unique leaf shape characteristics. The Hass avocado variety produces elongated elliptical fruit, while
the Pluwang and Clara varieties produce wide oval fruit. In addition to genetic factors, morphological plasticity
also plays an important role. The ratio of leaf length to width is often an important differentiating factor[34]. This
is indicated by some varieties having slimmer proportions and others having wider leaves [37, 38]. In addition,
leaf vein patterns also play an important role as morphological markers. Clear and contrasting patterns are shown
by some avocado varieties, while others display subtle patterns that are difficult to detect with the naked eye
[35, 39, 40]. DCNN can identify these differences through a feature extraction process. This process works by
highlighting fine lines of leaf veins that are often missed in manual observations.

Figure 10. Augmentation and image extraction of avocado leaf

The dataset consisted of 7000 images of avocado leaves representing seven distinct varieties. The
Representative examples of augmented avocado leaf images across seven classes show on Figure 10. Data
augmentation was applied to increase sample diversity and prevent overfitting, involving random rotation (±20◦),
horizontal and vertical flips, brightness adjustment (0.8–1.2×), and slight zoom perturbations. Furthermore,
Figure 10 illustrates representative samples after preprocessing, showing sufficient intra-class diversity and inter-
class separability. The next stage was carried out by converting digital images of avocado leaves into RGB images
by identifying the dataset and classifying it based on the characteristics of each dataset. Additionally, Figure 10
shows an example of an avocado leaf sample that has been converted into an RGB image and then processed using
the DCNNs algorithms to produce avocado leaf identification results. This is done by using a filter of a certain size
that is shifted across the entire image. In the convolution process, a “dot” operation is performed between the input
values and the filter to produce an activation map or feature map. This extraction process is performed on all RGB
spectra.
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The horticulture experts confirmed that the regions emphasized by the Grad-CAM visualizations corresponded
to morphologically relevant features commonly used to distinguish avocado varieties, particularly vein structure
and leaf margin characteristics. This agreement supports the biological validity of the learned representations.
The alignment between XAI-identified regions and expert-recognized morphological traits enhances the practical
relevance of the proposed model. Such transparency is essential for building trust in AI-assisted agricultural
applications and supports the model’s potential adoption in real-world horticultural decision-making. Although
extensive field testing was beyond the scope of this study, the successful implementation of the proposed model
within an Android application demonstrates its potential for real-world agricultural deployment. As illustrated in
Figure 11, the Grad-CAM visualizations consistently highlight diagnostically relevant leaf regions across different
avocado varieties, providing visual confirmation of the alignment between model attention and expert-identified
morphological features.

Figure 11. Grad-CAM Visualisation as Explainable Ai
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Figure 12. Android Application for Agricultural Deployment

To enhance practical usability, informal qualitative feedback was collected from farmers and horticulture
practitioners during prototype testing of the Android application as shown in Figure 12. The feedback emphasized
the importance of clear image acquisition guidelines, appropriate lighting conditions, and a simple interface for
presenting classification results. These insights were used to refine the application workflow and will guide future
improvements. To assess the generalization capability of the proposed models beyond controlled experimental
settings, an independent set of field images was employed for external validation. These images were captured
using a smartphone-based application under real-world conditions, including varying illumination, complex
backgrounds, and natural leaf occlusions, and were entirely excluded from the training and cross-validation process.
Although a modest decrease in accuracy was observed compared to the controlled dataset, the models maintained
strong performance, demonstrating robustness and suitability for real-world deployment. While multi-modal
imaging systems, such as hyperspectral cameras, can potentially enhance classification accuracy by capturing
detailed physiological and biochemical leaf traits, they entail high costs, hardware complexity, and substantial
computational overhead, limiting their practicality for large-scale or smallholder agricultural use. In contrast, RGB-
based approaches combined with low-cost sensing solutions, such as smartphone-assisted chlorophyll estimation
or simple field measurements, offer a more balanced trade-off between performance and practicality, supporting the
adoption of RGB-driven deep learning models as accessible and scalable tools for avocado variety identification.

3.2. Engineering and Mathematics Aspect
The Engineering aspects carried out are part of the engineering design process, This stage begins with resizing,

which is the process of changing the image size to a standard resolution that is compatible with the DCNN
architecture. Resizing not only reduces computational complexity, but also ensures that each image has a uniform
spatial representation so that the convolution kernel can extract features with high consistency [50]. After the image
size has been standardised, the next step is normalisation, which is the process of changing the pixel intensity scale
from a range of [0–255] to a scale of [0–1] or [-1–1] [51, 52].

3.2.1. EfficientNetV2

EfficientNet uses Fused-MBConv with nine parameters, including input image, kernel size, input channels,
output channels, stride, padding, activation, batch normalisation, and pooling. To illustrate the mechanism, consider
a 3× 3 patch from a red channel:
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Pred =

0 0 0
0 69 72
0 118 74

 ∗

2 −2 1
1 1 −1
1 0 −1


= (0 ∗ 2) + (0 ∗ −2) + ...+ (74 ∗ (−1))

Pred = −77

then from a green channel:

Pgreen =

0 0 0
0 83 87
0 119 84

 ∗

2 −2 1
1 1 −1
1 0 −1


= (0 ∗ (2)) + (0 ∗ −2) + ...+ (84 ∗ −1)

Pgreen = −88

then from a blue channel:

Pblue =

0 0 0
0 58 66
0 92 59

 ∗

2 −2 1
1 1 −1
1 0 −1


= (0 ∗ 2) + (0 ∗ −2) + ...+ (59 ∗ −1)

Pblue = −67

The convolution (without bias) produces the output value at the center position as:

y =

3∑
i=1

3∑
j=1

Ki,j · Pi,j

The resulting future map values are as follows:

y = Pred + Pgreen + Pblue

= −77 + (−88) + (−67)

y = −231

If we have a bias term b (b = 1), then the final output before Batch Normalization or activation is:

ybias = −231 + 1 = −230.

Convolution 3× 3 (Fused-MBConv Basic mathematical equation of 2D convolution:

Y (i, j, k) =

K∑
m=1

K∑
n=1

Cin∑
c=1

Wm,n,c,k X(i+m−1),(j+n−1),c + bk

Ptotal = K2 × Cin × Cout + Cout

Ptotal = 32 × 3× 32 + 32

= 9× 3× 32 + 32

= 864 + 32

= 896 parameters

Global Average Pooling + Dense Layer GAP converts a tensor of size 7× 7× 1280 into a vector of 1× 1280.

Dense layer (for example, 7 leaf classes):

Pdense = 1280× 7 + 7 = 8967
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The total number of parameters and floating-point operations in EfficientnetV2 block are summarized in Table 6.

Table 6. Parameter Count and Computational Cost (FLOPs)

Component Parameters FLOPs

Conv 3× 3 896 43.36 M
BatchNorm 64 0.20 M
1× 1 Conv 2,048 102.8 M
GAP + Dense 8,967 0.01 M

Total (1 Block) 11,975 ≈ 146 M

3.2.2. ConvNeXt

The ConvNeXt architecture modernizes the classical ResNet structure by integrating depthwise separable
convolutions, layer normalization, and feed-forward expansions inspired by Vision Transformers (ViT). Let the
input image be denoted by:

X0 ∈ R224×224×3,

Depthwise Convolution + LayerNorm Within each ConvNeXt block, a depthwise convolution captures spatial
patterns:

Yi,j,c =

3∑
m=−3

3∑
n=−3

X1(i+m,j+n,c) ·Km,n,c,

Channels are projected back to their original size:

Pi,j,c =

384∑
k=1

Ai,j,k ·W (2)
k,c + b(2)c ,

This preserves low-level spatial cues while enriching contextual representation.
Each ConvNeXt stage reduces spatial resolution by half and doubles the channel depth:

X2 ∈ R56×56×96,

X3 = Downsample(X2) ∈ R28×28×192,

X4 = Downsample(X3) ∈ R14×14×384,

X5 = Downsample(X4) ∈ R7×7×768.

The ConvNeXt architecture was performed using a 3× 3× 3 RGB image input including depthwise convolution,
layer normalization, expansion and projection via 1× 1 convolutions, activation with GELU, and residual addition.
The input tensor X ∈ R3×3×3 represents an RGB image with values:

X(red) =

0 0 0
0 69 72
0 118 74

 , X(green) =

0 0 0
0 83 87
0 119 84

 , X(blue) =

0 0 0
0 58 66
0 92 59

 .

Each color channel is processed by a separate depthwise kernel K(c) ∈ R3×3:

K(1) =

2 −2 1
1 1 −1
1 0 −1

 , K(2) =

2 −2 1
1 1 −1
1 0 −1

 , K(3) =

2 −2 1
1 1 −1
1 0 −1

 .

The depthwise convolution output for each channel at the center position (2, 2) is computed as:

y(c) =

3∑
i=1

3∑
j=1

X
(c)
ij K

(c)
ij .
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The numerical results are:
y(1) = −77, y(2) = −88, y(3) = −67.

Thus, the depthwise output vector at the center location is:

Ydw(2, 2) = [−77, −88, −67 ]T .

Substituting [−77,−88,−67], we obtain:

µ = −77.3333, σ = 8.5741,

Ŷ (2, 2) = [0.0389, −1.2457, 1.2067].

The normalized vector is projected to a higher-dimensional feature space (expansion ratio r = 2):

Z = Ŷ ×W (1),

where

W (1) =

1 0 1 0 1 0
0 1 0 1 0 1
1 1 0 0 1 1

 .

The resulting expanded vector is:

Z = [1.2456, −0.0390, 0.0389, −1.2457, 1.2456, −0.0390].

The total number of parameters (P ) and floating-point operations (F ) in ConvNeXt block are summarized in
Table 7.

Table 7. Mathematical Summary of ConvNeXt Block (3× 3× 3 input)

Operation Parameters FLOPs
Depthwise Conv (3× 3) 9× 3 = 27 3× 3× 9× 3 = 243
Expansion (1× 1, 3 → 6) 3× 6 = 18 3× 3× 3× 6 = 162
Projection (1× 1, 6 → 3) 6× 3 = 18 3× 3× 6× 3 = 162
LayerNorm + GELU 6 ∼ 675
Total 69 ≈ 1.24× 103

3.2.3. ViT-Hybrid CNN

The input image I ∈ RH×W×Cin (where H = W = 224, Cin = 3 for RGB channels) is first processed by a
convolutional stem composed of one or more convolutional layers with kernel size K ×K, stride s, and output
channel Cout. Each convolutional layer performs the operation:

Fi,j,cout
=

K∑
u=1

K∑
v=1

Cin∑
cin=1

Wu,v,cin,cout
· Ii+u,j+v,cin + bcout

,

The total number of parameters and floating-point operations (FLOPs) for one convolutional layer are:

Pconv = K2 · Cin · Cout, FLOPsconv = H ′W ′K2CinCout.

The number of parameters and FLOPs for MHA are:

PMHA = 4D2, FLOPsMHA = 4ND2 + 4N2D.

For D = 384, N = 196, and h = 6 heads, the MHA contributes:

PMHA = 4(384)2 = 589,824, FLOPsMHA = 4(196)(384)2 + 4(196)2(384) ≈ 2.56G FLOPs.

The Feed-Forward Network (FFN) applies two dense layers with an expansion ratio r = 4:

FFN(x) = σ(xW1 + b1)W2 + b2,

For r = 4 and D = 384, PFFN = 2(384)2(4) = 1.18M parameters, and FLOPsFFN = 2(196)(384)2(4) ≈ 0.46G
FLOPs.
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Combining all components, the total parameters and FLOPs for the ViT-Hybrid CNN are:

Ptotal = Pstem + Pproj + L(4D2 + 2D2r) + Pcls,

FLOPstotal = FLOPsstem +NCD + L(4ND2 + 4N2D + 2ND2r).

For a configuration with L = 12 layers, D = 384, r = 4, and N = 196, the total FLOPs reach approximately
35.5 GFLOPs and Ptotal ≈ 13.2 M parameters. The total number of parameters and floating-point operations in
ViT-Hybrid CNN are summarized in Table 8

Table 8. Summary of Mathematical Formulation for ViT-Hybrid CNN

Stage Operation Parameters FLOPs Example (D=384, N=196)
Conv Stem K2CinCout 1.7k 87M Local feature extraction
Tokenisation CfD 147k 28.9M Linear patch embedding
Self-Attention 4D2 589k 2.56G Global context modelling
Feed-Forward 2D2r 1.18M 0.46G Nonlinear transformation
Classifier DNc 3k 0.001G Output mapping
Total (per layer) – 1.77M 3.02G –
Total (L=12) – 13.2M 35.5G –

In the convolutional stem of the ViT-Hybrid CNN, the input image I ∈ RH×W×Cin with three channels (RGB)
is processed by a convolutional kernel W ∈ RK×K×Cin×Cout to generate the feature map F . Each output activation
Fi,j,cout

is computed according to the standard convolution operation:

Fi,j,cout =

K∑
u=1

K∑
v=1

Cin∑
cin=1

Wu,v,cin,cout · Ii+u,j+v,cin + bcout ,

where K = 3 denotes the kernel size, Cin = 3 represents the RGB input channels, and bcout
is the bias term.

For this calculation, the input image channels and kernels are defined as follows:

I(red) =

0 0 0
0 69 72
0 118 74

 , I(green) =

0 0 0
0 83 87
0 119 84

 , I(blue) =

0 0 0
0 58 66
0 92 59

 ,

W (1) = W (2) = W (3) =

2 −2 1
1 1 −1
1 0 −1

 , bcout = 1.

Aggregating across the RGB channels and adding the bias term yields:

Fi,j,cout
= (−77) + (−88) + (−67) + 1 = −231.

Therefore, for the given kernel and input configuration, the convolutional stem produces an activation value of:

Fi,j,cout
= −231.

These results demonstrate how much the accumulated local pixel intensity per channel is modulated by kernel
weights with the addition of bias. In deeper layers of the ViT-Hybrid CNN, multiple kernels (Cout) extract various
spatial features simultaneously, which are then flattened and projected into a token embedding for transformer
processing.

3.3. Technology Aspect
The technological aspects of this study demonstrate the testing of three artificial neural network architectures,

namely EfficientNetV2, ConvNeXt, and Vision Transformer (ViT)-Hybrid. The EfficientNetV2 model is able to
capture local and global image features simultaneously so that it can classify various plant leaves with high accuracy
[41, 42]. On the other hand, ConvNeXt, which is a modern CNN, can also improve the representation of spatial and
texture features, making it effective for agricultural image analysis [43]. Previous research has also been conducted
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on avocado plants. EfficientNet was able to achieve an accuracy of more than 90% in detecting fruit ripeness [44]
while ViT can outperform CNN in terms of the process of learning global spatial relationships for leaf and fruit
features [45]. EfficientNetV2 and ConvNeXt also show extraordinary capabilities in distinguishing vein patterns
and textures in various plant species [46, 47]. In addition, corn and mulberry plants have been studied using a
hybrid CNN–ViT architecture with better accuracy results. This occurs because the hybrid CNN-ViT combines
the local power of CNN with the global context modeling of Transformer [48, 49]. EfficientNetV2 has the lowest
complexity of 1.34 GFLOPs and 7.1 M parameters. In contrast, the hybrid CNN-ViT requires higher computation
due to the presence of the Transformer encoder layer. However, its accuracy gain justifies the increased cost,
especially for high-performance computing environments. The computational complexity from each architectures
show on Table 9 below.

Table 9. Computational complexity of the evaluated models.

Model Parameters (M) FLOPs (GFLOPs)

EfficientNetV2 7.10 1.34
ConvNeXt 28.30 4.50
ViT-Hybrid CNN 33.25 4.97

Table 10. Comparison of model performance on the avocado leaf dataset.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

EfficientNetV2 98.71 98.43 95.16 97.57
ConvNeXt 97.92 96.22 94.31 95.15
ViT-Hybrid CNN 97.24 95.27 96.33 95.42

Table 11. Comparative Performance and Computational Efficiency of Deep Learning Models

Model Accuracy (%) Params (M) Model Size (MB) Inference Time (ms)

EfficientNetV2 98.71 21.5 82 12.3
ConvNeXt 97.92 28.6 110 18.9
ViT-Hybrid 97.24 34.1 132 24.5
MobileNetV3 95.40 5.4 21 6.1
ShuffleNet 94.88 3.1 13 4.9
EffNetV2-Lite 96.15 7.2 28 7.4

Table 12. Comparison of Model Performance Between Controlled and Real-World Evaluation Settings

Evaluation Setting Accuracy (%) Avg. Inference Time (ms)

Controlled dataset 98.7 12.3
Real-world images 95.8 13.4
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Table 13. Paired t-test Results Comparing Classification Accuracy Across Models

Model A Model B Mean Acc A (%) Mean Acc B (%) p-value Significant

EfficientNetV2 ConvNeXt 98.71 97.90 <0.001 Yes
EfficientNetV2 ViT-Hybrid 98.71 97.23 <0.001 Yes
EfficientNetV2 MobileNetV3 98.71 95.41 <0.001 Yes
EfficientNetV2 ShuffleNet 98.71 94.79 <0.001 Yes
EfficientNetV2 EfficientNetV2-Lite 98.71 96.10 <0.001 Yes
ConvNeXt ViT-Hybrid 97.90 97.23 <0.001 Yes
ConvNeXt MobileNetV3 97.90 95.41 <0.001 Yes
ConvNeXt ShuffleNet 97.90 94.79 <0.001 Yes
ConvNeXt EfficientNetV2-Lite 97.90 96.10 <0.001 Yes
ViT-Hybrid MobileNetV3 97.23 95.41 <0.001 Yes
ViT-Hybrid ShuffleNet 97.23 94.79 <0.001 Yes
ViT-Hybrid EfficientNetV2-Lite 97.23 96.10 <0.001 Yes
MobileNetV3 ShuffleNet 95.41 94.79 <0.001 Yes
MobileNetV3 EfficientNetV2-Lite 95.41 96.10 <0.001 Yes
ShuffleNet EfficientNetV2-Lite 94.79 96.10 <0.001 Yes

Table 10 summarizes the performance of the evaluated architectures. EfficientNetV2 achieved the highest accuracy
and F1-score while maintaining a favorable balance between accuracy and computational efficiency, confirming its
effectiveness in capturing both fine-grained morphological details and broader contextual information. ConvNeXt
delivered competitive performance with moderate computational cost, whereas the ViT-Hybrid CNN provided
stable results by combining CNN-based feature extraction with transformer-based global dependency modeling.
The superior performance of EfficientNetV2 is attributed to the use of Fused-MBConv blocks, small 3× 3
convolutional kernels that effectively capture leaf venation patterns, and compound scaling that optimizes accuracy
relative to FLOPs. Under unconstrained field conditions, the model maintained robust performance with only a
modest accuracy reduction, while inference time remained stable, supporting real-time applicability.

To assess deployment feasibility, lightweight models including MobileNetV3, ShuffleNet, and EfficientNetV2-
Lite were evaluated see Table 11. Although these architectures exhibited slightly lower accuracy, they offered
substantial reductions in model size and inference time. EfficientNetV2-Lite reduced model size by approximately
66% with a 2.6% accuracy decrease, while MobileNetV3 and ShuffleNet achieved model size reductions exceeding
74% and 84%, respectively, at the cost of modest accuracy loss. These results highlight a clear trade-off between
classification accuracy and deployment efficiency, indicating that the proposed approach remains practical and
effective for real-world agricultural and edge-based applications. Table 12 presents a comparative evaluation of
model performance under controlled and real-world testing conditions. The results indicate that the proposed
model maintains a consistent level of performance when transitioning from controlled datasets to images acquired
in real-world environments. Although minor variations are observed due to increased environmental complexity,
the overall stability of the model demonstrates its capacity to generalize beyond idealized experimental settings.
Additionally, the inference process remains efficient across both evaluation scenarios, supporting the feasibility of
deploying the proposed system in practical, real-world agricultural applications. On the other hand, the paired t-test
analysis confirms that EfficientNetV2 significantly outperforms ConvNeXt, ViT-Hybrid, and lightweight models
(p < 0.05), validating that the observed performance gains are statistically meaningful.

In addition to statistical significance testing, model robustness was further supported by narrow 95% confidence
intervals obtained from the 10-fold cross-validation. The consistently small confidence ranges for accuracy,
precision, and recall indicate low variance across folds, confirming stable and reliable model performance under
different data partitions. As reported in Table13, all paired model comparisons show statistically significant
differences (p < 0.05), demonstrating that the observed performance gaps are not attributable to random chance.
Notably, EfficientNetV2 achieved a mean accuracy of 98.71% with a 95% confidence interval of [98.45%, 98.97%],
further reinforcing the reproducibility and robustness of the proposed approach.
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3.4. Mathematics Aspect
The Mathematics aspect represents deep convolutional neural networks (DCNNs) as the core machine

learning mechanism for avocado leaf morphology classification, where feature extraction is governed by structured
convolution operations that compute dot products between learnable kernels and local image regions [53]. The
models were trained for 100 epochs with a batch size of 32, an initial learning rate of 1× 10−4, and the Adam
optimizer, incorporating early stopping and learning rate reduction on plateau to ensure stable convergence.
The results reveal a clear trade-off between classification accuracy and computational efficiency: EfficientNetV2
achieves the highest accuracy for detailed leaf analysis, while lightweight architectures offer practical alternatives
for real-time, resource-constrained edge deployment. Figure 13 show the validation accuracy across 10-fold
cross validation and loss for all evaluated models. EfficientNetV2 consistently achieves the highest accuracy
across folds, followed by ConvNeXt and ViT-Hybrid CNN. Lightweight models (MobileNetV3, ShuffleNet, and
EfficientNetV2-Lite) exhibit slightly lower but stable accuracy, highlighting the trade-off between classification
performance and deployment efficiency. Validation loss across 10-fold cross-validation for all evaluated models.
EfficientNetV2 consistently achieves the lowest loss across folds, indicating superior optimization stability.
Lightweight models exhibit higher but stable loss values, reflecting the trade-off between computational efficiency
and classification performance.

Figure 13. Accuracy comparison of all architectures

The confusion matrices for all architectures are shown in Figure 14. The confusion matrices provide a detailed
class-wise evaluation of the six evaluated architectures, revealing clear differences in classification consistency and
error distribution across avocado varieties. EfficientNetV2 demonstrates the strongest overall performance, with
highly dominant diagonal values across all classes, indicating precise discrimination among avocado varieties.
Misclassifications are minimal and primarily occur between morphologically similar classes, such as Marcus
and Aligator, suggesting that remaining errors are attributable to subtle inter-class similarities rather than model
instability. ConvNeXt achieves competitive performance but exhibits increased off-diagonal confusion compared
to EfficientNetV2, particularly between Hass, Marcus, and Clara. This pattern indicates a reduced ability to
capture fine-grained leaf venation and margin characteristics under similar visual conditions. ViT-Hybrid CNN
shows a more balanced yet diffused confusion pattern, with higher misclassification rates across multiple classes.
While the hybrid architecture benefits from global attention, its performance suggests that transformer-based
representations alone are less effective than convolutional inductive biases for fine-grained leaf morphology
classification. Among the lightweight models, EfficientNetV2-Lite consistently outperforms MobileNetV3 and
ShuffleNet, maintaining strong diagonal dominance and relatively low inter-class confusion. This indicates that
compound scaling and efficient feature reuse enable EfficientNetV2-Lite to preserve discriminative capacity despite
reduced computational complexity. MobileNetV3 exhibits moderate confusion across visually overlapping classes,
reflecting the trade-off between parameter efficiency and feature expressiveness. In contrast, ShuffleNet presents
the highest level of misclassification dispersion, with widespread off-diagonal entries, highlighting its limited
representational capacity for subtle morphological variations. Overall, the confusion matrix analysis confirms that
EfficientNetV2 and EfficientNetV2-Lite offer the most reliable class-wise performance, achieving superior balance
between accuracy and robustness. The observed error patterns across all architectures consistently align with
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morphological similarities among avocado varieties, reinforcing the biological plausibility of the model predictions.
These results further support the suitability of EfficientNet-based architectures for both high-accuracy classification
and resource-efficient real-world deployment.

Figure 14. Confusion matrix analysis from all architectures

Comparative evaluation shows that each architecture has its own advantages as shown in Table 14. The
EfficientNetV2 architecture is able to offer outstanding parameter efficiency through composite scaling and
integrated convolution blocks, making it ideal for lightweight applications. In contrast, the ConvNeXt architecture
modernizes CNN design by combining transformer-inspired normalization and large-kernel depthwise convolution
to achieve a balance between accuracy and efficiency. The final architecture, the ViT-Hybrid CNN, is able to
deliver optimal performance by combining convolutional feature extraction with global attention to improve the
representation of long-range dependencies. These findings corroborate recent studies on high-resolution image
classification [24, 25], which confirmed the efficiency and minimal complexity of the EfficientNetV2 architecture.

Table 14. Computational Complexity Comparison of Deep Learning Architectures

Architecture Approx. FLOPs (Millions) Core Advantage
EfficientNetV2 8–10 High efficiency achieved through compound scaling and Fused-

MBConv design
ConvNeXt 12–15 Improved training stability and enhanced multi-scale feature

representation
ViT-Hybrid CNN 20–25 Combination of local CNN feature extraction with global

Transformer attention
MobileNetV3 3–5 Extremely lightweight architecture using depthwise separable

convolutions and squeeze-and-excitation blocks, optimized for
low-latency mobile inference

ShuffleNet 2–3 Channel shuffling mechanism enables efficient information flow
with minimal computational cost, suitable for ultra-low-resource
edge deployment

EfficientNetV2-Lite 4–6 Simplified compound scaling strategy that balances accuracy and
efficiency while maintaining strong performance on resource-
constrained devices
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Although encouraging results were obtained in this study, several limitations must be acknowledged in its
implementation. First, although the dataset has been expanded to include environmental variability and external
regional evaluations, the total number of samples used remains moderate compared to the large-scale benchmark
datasets commonly used in deep learning research. As a result, further research could be developed by expanding
the dataset to cover a wider geographical area with seasonal variations. Second, although multimodal integration
showed better performance, data availability is still limited in the context of small-scale agriculture. Therefore,
continuous exploration is needed using cost-efficient camera sensors for more practical applications.

4. Conclusion
This study presented a STEM-based deep learning framework for avocado (Persea americana Mill.) leaf

variety classification using advanced DCNN architectures. By integrating systematic field data acquisition, robust
statistical evaluation, and explainable artificial intelligence (XAI), the proposed approach addressed the challenges
of fine-grained morphological similarity and environmental variability in real-world agricultural settings. A
comprehensive dataset consisting of seven avocado varieties was evaluated using 10-fold cross-validation to ensure
reliable performance estimation. Among the evaluated architectures, EfficientNetV2 consistently achieved superior
classification performance, attaining a mean accuracy of 98.71% with narrow 95% confidence intervals, and
significantly outperforming ConvNeXt and ViT-Hybrid CNN models based on paired t-test analysis (p < 0.05).
Explainability analysis using Grad-CAM demonstrated that the models focused on biologically meaningful leaf
regions, such as venation patterns and leaf margins, supporting the interpretability and practical relevance of the
classification results. Additional experiments under unconstrained field conditions revealed only a modest reduction
in accuracy, indicating strong model robustness and suitability for real-world deployment. Furthermore, the
inclusion of lightweight architectures highlighted a clear trade-off between classification accuracy and deployment
feasibility. While EfficientNetV2 provided the highest accuracy, lightweight variants such as EfficientNetV2-Lite,
MobileNetV3, and ShuffleNet offered substantially reduced model size and faster inference, making them attractive
for edge-based and smartphone applications. These findings demonstrate that RGB-based DCNN models can
deliver accurate, interpretable, and deployable solutions for avocado variety identification using low-cost imaging
devices. Future work will focus on expanding external validation across broader geographic regions, incorporating
domain expert-driven feature analysis, and exploring practical multi-modal extensions that balance performance
gains with deployment cost. Overall, this study contributes a robust and scalable framework that supports precision
agriculture and digital plant identification in real-world scenarios.
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