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Abstract

Accurate quality classification is essential in fruit trade, particularly for peel-based grading. However, conventional visual
inspection is often subjective and inconsistent. The literature review identifies a research gap: no Codex-aligned lime
grading model has applied an agentic Al-assisted model while systematically comparing regression models. This gap
highlights the need to align data structure, model assumptions, and predictive performance in the development of
standard-aligned classification models. The objective of this research is to design a deep learning (DL)-based image
analysis model incorporating an agentic Al-assisted model for fruit quality classification and to evaluate its performance
against conventional visual inspection. Experimental results show that the proposed model achieves over 90%
classification accuracy, significantly outperforming visual inspection (55%). The model integrates Visual Geometry
Group 19 (VGG19) for the image classification model with ordinal logistic regression (OLR) to classify lime quality
attributes. VGG19 reached 94% accuracy, while OLR showed significant predictors and strong ordinal associations,
confirming its suitability for Codex-aligned quality grading. The model also provides explainable outputs through
measured lime attributes and class probabilities. The contribution of this research is the development of a Codex-aligned
lime quality classification model that integrates a Convolutional Neural Network (CNN)-based deep learning model,
OLR, and a Large Language Model (LLM)-driven agentic Al-assisted model for automated and interpretable quality
assessment based upon Codex Standard 217-1999. Its advantage lies in improving inspection standardization, reducing
subjectivity, and enhancing grading efficiency. The benefit of the proposed model is improving quality control reliability
while reducing missed produce sales opportunities for farmers.
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1 Introduction

An agentic Al-assisted model is an artificial
intelligence approach that enables systems to
autonomously perceive, reason, and make decisions in
complex environments [1]. Unlike conventional Al,
which  primarily focuses on prediction or
classification, the agentic Al-assisted model integrates
perception with reasoning to support more structured
and adaptive quality decisions. The advantage of an
agentic Al-assisted model lies in its ability to
continuously learn, adapt, and improve decision-
making while reducing human intervention and

minimizing errors caused by bias and fatigue. As a
result, it enhances the reliability, objectivity, and
standardization of quality assessment [1].

This advantage is particularly important in fruit
grading, as many fruits share similar external
characteristics, such as color, size, and surface defects,
making differentiation through visual inspection
difficult. The limitation of visual inspection lies in its
dependence on human perception, which can vary
among inspectors and lead to subjective judgment,
inconsistency, and errors caused by fatigue. Previous
studies reported that human accuracy ranges from
70% to 80%, with missed defect rates ranging from
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20% to 30% [2]. These findings highlight the need for
a more reliable, accurate, and standardized grading
approach. Using an agentic Al-assisted model
can improve fruit grading by reducing human
involvement and delivering more consistent results,
while enhancing accuracy, quality control, and
standardization compared to traditional visual
inspection. Among agricultural products, limes are an
appropriate case study for evaluating the effectiveness
of an agentic Al-assisted model due to their high
economic value and strong reliance on external visual
attributes. Limes (Citrus aurantifolia Swingle) are
globally important crops, widely used across culinary
cultures and valued for their high nutritional content,
particularly vitamin C. As illustrated in Figure 1, lime
cultivation is distributed worldwide, with a global
market value estimated at USD 20.2 billion in 2024
[3]. Mexico is the leading producer and exporter,
followed by Spain and Turkey [4].

 Native e Cultivated * Invasive e Introduced No species reported

Figure 1: Global distribution and occurrence status
of lime [3].

The market value of limes is primarily determined
by external attributes, such as uniform green color,
standardized size, and the absence of defects, as
defined in Codex Standard 217-1999. The standard
classifies limes into Extra class, Class I, and Class II,
as illustrated in Figure 2. While the quality levels are
ordinal, the underlying feature data, such as color,
brightness, and surface defects, are continuous
variables that exhibit uneven distributions and
overlap, particularly among adjacent classes. This
condition contributes to ambiguity and inconsistency
in visual inspection. These characteristics indicate that
the data contain both ordinal structure and continuous
properties, making it necessary to compare
mathematical models such as multinomial logistic
regression (MLR) and ordinal logistic regression
(OLR) to determine the most appropriate model for

lime quality classification under Codex Standard 217-
1999.

The literature review identifies a research gap, as
no evidence has been found of a Codex-aligned lime
quality classification model that applies an agentic Al-
assisted model, integrates CNN-based deep learning,
and compares regression models. This gap highlights
the need to align data structure, model assumptions,
and predictive performance in the development of
standard-aligned classification models. In this
research, a CNN extracts features such as peel color,
texture, and defects, while an OLR model classifies
lime quality data. In addition, comparative evaluations
between visual inspection and agentic Al-assisted
models under standardized conditions remain limited,
highlighting the significance of this study.

The objective of this research is to design a deep
learning-based image analysis model incorporating an
agentic Al-assisted model for fruit quality
classification and to evaluate its performance against
conventional visual inspection. The contribution of
this research is the development of a Codex-aligned
and interpretable lime quality classification model that
integrates a CNN-DL model, OLR, and an LLM-
driven agentic Al-assisted model for practical and
automated quality assessment. The benefit is
improving the accuracy, reliability, and explainability
of quality control beyond visual inspection while
maintaining compliance with Codex Standard 217-
1999 and reducing missed sales opportunities for
farmers.

ClassI Class 11

Figure 2: Codex based upon lime quality classes.

Extra class

2 Literature Review
2.1 Artificial intelligence, deep learning

Artificial intelligence (Al) enables machines to perform
perception and reasoning tasks in a human-like manner.
Deep learning (DL), a subfield of Al, uses multi-layer
neural networks to automatically learn complex patterns
from data [1], [5], as illustrated in Figure 3. Due to its
ability to extract discriminative features directly from
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Figure 3: Hierarchical relationship of artificial
intelligence technologies [1].

images, DL has become an effective approach for fruit
quality assessment and image classification tasks [6].
Recent studies have also demonstrated the effectiveness of
IoT-assisted and Al-based intelligent decision-making in
smart agriculture applications, including context-aware
fertilizer recommendation, evapotranspiration estimation,
and precision irrigation systems [7], [8]. In addition, recent
research has highlighted the growing role of DL in IoT-
enabled precision agriculture and crop monitoring systems
for sustainable agricultural management [9], [10].
Convolutional neural networks (CNNs), a widely
used DL architecture, perform hierarchical feature
extraction for image classification, as shown in Figure 4.
CNN-based models have demonstrated strong
performance in fruit grading and agricultural image
analysis [6], with architectures such as Visual Geometry
Group 19 (VGG19), AlexNet, and Residual Network 50
(ResNet50) widely adopted for image-based classification
tasks. Despite their high predictive performance, CNN
models are often criticized for their limited interpretability
and inability to perform reasoning beyond pattern
recognition. Recent advances in Large Language Models
(LLMs) have enabled the development of an agentic Al-
assisted model capable of explainable decision-making
through multi-step workflows. These capabilities enable
intelligent decision-making by integrating prediction
results, mathematical inference, and domain-specific
standards before reaching a final decision [10]-[12].
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Figure 4: Convolutional neural network (CNN).

2.1.1 Agentic Al-assisted model

An agentic artificial intelligence (Al)-assisted model
refers to Al systems that can autonomously perceive,
reason, plan, and execute actions toward achieving
specific goals through multi-step interactions with
external tools and environments [1]. This
characteristic distinguishes it from traditional Al,
which typically produces outputs directly from inputs
in a single step [1]. In contrast, an agentic Al-assisted
model operates through iterative processes involving
reasoning, planning, execution, memory, and
validation [13]. The differences between traditional Al
and agentic Al-assisted models are summarized in
Table 1 [14].

This concept improves decision-making
processes in complex tasks by integrating reasoning
with structured actions, allowing Al systems to
process information through multiple steps before
making decisions. Recent studies have highlighted the
effectiveness of an agentic Al-assisted model in
coordinating multiple analytical tools, enabling
dynamic  decision-making through  multi-step
analytical and validation processes [15]. Unlike
traditional deep learning systems, an agentic Al-
assisted model can evaluate intermediate outputs and
adapt its decision process according to task
requirements. However, the application of agentic Al-
assisted models in fruit quality classification remains
limited, especially in tasks requiring standard-based
quality assessment such as Codex-based lime
classification.

Table 1: Comparison of Al and agentic Al-assisted
models [1].

.. Agentic Al
Aspect Traditional AI _assisted model
Operation Single-step Multi-step
Decision Based upon Involves reasoning
process predefined and planning
models
Flexibility  Low High
Task Suitable for Suitable for
complexity simple, well- complex tasks
defined tasks
Interaction Limited Can interact with
tools and
environments
Limitations Lacks multi-step ~ More complex and

reasoning resource-intensive
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2.2 Lime and Codex Standard 217-1999

Lime (Citrus aurantifolia Swingle) is a valuable citrus
crop and an important export commodity, particularly in
Mexico [16]. It is a medium-sized shrub that produces
round green fruits, as shown in Figure 5. Postharvest
quality, especially peel color, strongly influences market
acceptance, with deep green fruit being preferred over
yellow fruit. Improper temperature control can accelerate
deterioration or induce chilling injury. The Codex
Standard 217-1999 defines minimum quality requirements
and grade categories, including Extra class, Class I, and
Class II, primarily based upon peel appearance [17].
However, lime quality classification still relies on manual
visual inspection, which is often subjective and

inconsistent. Therefore, there is a need to apply artificial
intelligence techniques to improve the accuracy and
consistency of classification according to Codex criteria.

2.3 Models for mathematical quality evaluation

Multiple linear regression (MLR) is widely applied in
agricultural quality evaluation to predict continuous fruit
quality attributes by combining multiple measurable
variables into a single quantitative output, as expressed in
Equation (1). MLR has been used in fruit quality studies to
estimate internal fruit quality attributes such as firmness
and other measurable properties relevant to postharvest

grading [18].
Y =B+ Brxi+ faxs+ - +fuxn + & (1)

where Y is the predicted quality indicator, B, is the
intercept, 3; are regression coefficients, x; are measurable
features, and € is the error term. This model enables the
estimation of fruit quality attributes such as firmness that
are difficult to measure directly [18] and can integrate
imaging techniques to convert visual data into quantitative

indicators. Model performance is evaluated using R, Root
Mean Square Error (RMSE) and correlation coefficients.

For ordered quality classification, ordinal logistic
regression (OLR) is used to transform feature inputs into
cumulative probabilities of belonging to each quality level,
as expressed in Equation (2). OLR has been successfully
applied in fruit grading tasks involving ordered quality
categories, demonstrating its suitability for agricultural
classification problems in which grade labels follow a
ranked structure [19].

Logit/P(YSix)] = 6;- B'x, j = 1,....k )

where Y denotes the ordinal quality grade, j is the
grade level, x is the predictor vector, 8; defines the
decision threshold between adjacent grades, and
3 represents the regression coefficients. The model
converts features into ordered probabilities and assigns the
most likely class based upon threshold comparison,
making it suitable for grading tasks [20]. Model
performance is evaluated using accuracy and ordinal
association measures, including Somers’ D, Goodman and
Kruskal’s gamma, and Kendall’s Tau-a, to assess
agreement with standard grade rankings [21].

Nevertheless, a research gap remains, as few studies
have compared MLR and OLR for fruit quality
classification. Most studies apply these models separately,
so it remains unclear which is more appropriate for ordered
quality classification. This limitation highlights the need to
align data structure, model assumptions, and predictive
performance in the development of standard-aligned
classification models. It also provides an important
theoretical perspective by explaining how outcome scale
and predictor overlap influence the suitability of MLR and
OLR for agricultural quality assessment.

2.4 Cohen’s kappa

Cohen’s Kappa is a statistical measure of inter-rater
agreement for categorical data that adjusts for chance
agreement [22]. It is widely used to evaluate consistency
between visual inspection and automated classification
systems in image analysis and quality assessment
applications. Previous studies have applied Cohen’s
Kappa to assess the reliability of classification results
beyond simple accuracy, particularly when comparing
visual inspection outcomes with reference standard
classifications [23]. Kappa values range from —1 to 1,
where values of 0.61-0.80 indicate substantial agreement
and values of 0.81-1.00 indicate almost perfect agreement.
Therefore, Cohen’s Kappa is appropriate for evaluating the
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level of agreement between visual inspection results and
standard classifications.

2.5 Visual inspection

Visual inspection is a widely used approach in quality
control and maintenance across various industries,
involving the detection of defects and assessment of
product quality based on observable surface
characteristics. It plays a critical role in high-risk
sectors such as aerospace and manufacturing, where
even minor defects can affect safety and performance.
However, traditional visual inspection is typically
performed manually, making it prone to subjectivity,
fatigue, and inconsistency, which can reduce
reliability and repeatability of quality assessment [24].
Recent advancements in computer vision and
artificial intelligence have enabled automated visual
inspection systems that provide higher accuracy,
consistency, and efficiency than manual visual
inspection [25]. These advantages make such systems
particularly suitable for agricultural applications,
where product quality is often determined by visual
attributes and large volumes of produce require rapid
and standardized assessment. In tasks such as Codex-
based lime quality classification, inspection requires
not only visual feature recognition but also structured
quality assessment based upon standardized criteria.
Nevertheless, limited studies have compared Al-based
systems and visual inspection under standardized
conditions, highlighting a significant research gap
[26]. Therefore, an agentic Al-assisted model, which
integrates deep learning with mathematical models for
quality assessment, is considered a promising
approach for agricultural quality assessment.

2.6 Research gaps and proposed direction

Overall, the literature indicates that the integration of
agentic Al-assisted models, CNNs, and regression
models for Codex-aligned quality assessment remains
limited. The research gaps are presented below.

e Although Codex standards are clearly
defined, quality grading still relies on manual visual
inspection and lacks Al-based classification models
aligned with Codex standards, resulting in
inconsistency and subjectivity.

e Only a limited number of studies have
examined linear and ordinal regression models,
highlighting the urgent need to align data structure,

model assumptions, and predictive performance for
Codex-aligned lime grading models.

e Although mathematical models enhance
interpretability, there remains a lack of systematic
integration between CNN-extracted features and
agentic Al-assisted model quality assessment
approaches aligned with Codex quality criteria.

e Studies involving the comparative evaluation
of Al-based systems and visual inspection in
agricultural classification remain limited, particularly
for Codex-based lime quality assessment.

3 Materials and methods

This research develops a lime quality classification
model consisting of 6 steps, as shown in Figure 6.

Lime Quality Classification in this Study
(Codex Standard 217-1999) 3.1
L 2

Data Preparation in this Research
500 x 500 x 3 RGB images under controlled lighting
Features: color, brightness, texture, defect size
Visual inspection by 60 lime expert evaluators

Labeled dataset preparation 3.2
Data
’g i .
2 image fruit quality data Visual
§ 32 $ inspection
=i 331 CNN 3.3.2  Regression
> g Training CNN Development of regression
% = | models including models using numerical
B8 VGG19, AlexNet quality data to select the
=3 and ResNet50 most suitable model under
< Codex criteria 3.3
=& -
S 8,000images ™\ "."Mogel validation for Agreement
S D, withans0:20 MLR using R? and RMSE analysis
= | training-testing « Model validation for using Cohen’s
=z split (target OLR using Somers' D Kappa

accuracy => 80%) /\__ and Kendall's Tau-a coefficient

-

Evaluate and select
the most appropriate
regression model.

Testingon a
separate 20%
dataset

Comparison
between visual
inspection and

Agentic AIbased
classification

Evaluation

Integrated Evaluation of the Agentic AL Al-assisted mode (Figure 10)
» Comprehensive Integrated Evaluation of the Agentic AI Model
» Integrated Performance Evaluation on the Test Image Set
»  Summary of Evaluation Outcomes and Key Findings 3.6

Figure 6: Research methodology.
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3.1 Lime quality classification in this study

This study classifies lime peel into five quality groups: Extra
class, Class I, and Class II based upon Codex Standard
quality grades, together with Overripe and Decayed
categories representing limes below the minimum quality
requirements. This extended classification improves
coverage for practical quality assessment, as illustrated in
Figure 7.

Codex Standard Codex Standard
ClassI Class I1

Limes below the Codex standard

Extra class Overripe Decayed

Figure 7: Examples of limes used as reference criteria.

3.2 Data preparation in this research

Lime images (500 x 500 x 3 RGB) are captured in a
controlled studio environment to ensure consistent lighting
and background conditions, with four images captured per
lime sample. Visual inspection is conducted manually by

v (e User

three evaluators with expertise in lime quality standards to
establish consensus-based ground-truth labels. Important
lime quality attributes, including peel color, brightness,
surface texture, and defect size, are measured using a
standard colorimeter instrument and recorded to support
feature extraction and regression model development. The
dataset collection and validation procedures are conducted
in accordance with Codex Alimentarius guidelines to
ensure the accuracy and reliability of the quality labels.

Additionally, visual inspection data are collected from
60 expert lime evaluators using the same lime image
assessment test based on Codex standards for comparison
with the proposed Al model. The data are used to evaluate
inter-rater consistency using Cohen’s Kappa coefficient
[22], and the results are further discussed in terms of visual
inspection and compared with the proposed agentic Al-
assisted model in Sections 4.1 and 4.5.

3.3 Model development (Agentic Al-assisted model)

This study develops an agentic Al-assisted model that
integrates image perception, CNN-based feature
extraction, quality assessment, and LLM-assisted
explanation for automated lime classification.

Data Acquisition
& Perception

Lime quality
attributes

Rﬂ‘u!‘. 595-

Development of the model
Traln CNNs u Regressmn model [
S |
Automatic Simultaneous CNN and OLR Processing
¥ (2 Reasoning & Planning L 4
LLM Reasoning Agent
+ Selects the most « MATLAB

appropriate tools for prompt = "Select the best model”;
quality assessment.

™~

Lime image data

response = 1lm(prompt);
bestModel = response;

3) Tool Execution and feature extraction'v

x Tool Calling Layer
Executes the selected tools.
+ Best CNN Model

+ Best Regression Model L
+ CodexStandard 217-1999 £OR.

|.:::::::::::::::::::::--_

JusLIBUleY 100) Paseg-2oUBWIOMad

4 Inference and Quality assessment

+ This stage integrates CNN prediction, OLR-based quality

inference, and Codex Standard 217-1999 to determine
the final lime quality grade.

5 Learning & Self-Correction

Learning & Self-Correction is the process of analyzing prediction
results and feedback to improve future classification
accuracy and reliability.

Performance feedback is used to refine future tool selection
and quality assessment decisions.

vee1s

6 Explainable output generation

LLM Explanation Agent
« LLM Explanation & MATLAB
Agent generates the final
explanation by integrating
CNN prediction, OLR output,
and Codex Standard
assessment.

prompt = sprintf([ ...
"Explain the lime quality result.\n" ...
"Class: ¥s\nConfidence: %.4f\n" ...
"Decision: ¥s\nCodex: %s5"1, ...
predLabel, confidence, decision, codexResult);

11mReport = 1lm{prompt);

Figure 8: Agentic Al-assisted model for lime quality classification.
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As illustrated in Figure 8, the model consists of 6
stages: (1) Data Acquisition and perception, (2)
Reasoning and planning, (3) Tool execution and
feature extraction, (4) Inference and quality assessment,
(5) Learning and Self-Correction, and (6) Explainable
output generation.

3.3.1 Development and training of CNN models

In this stage, corresponding to Section 3.3.1 in Figure
6 and Stage 1 (Data Acquisition and Perception) in
Figure 8, the agentic Al-assisted model utilizes CNN's
to extract features from lime images. This study trains
and compares multiple CNN architectures, including
VGG19, AlexNet, and ResNet50, to identify the most
appropriate model for lime quality classification.
These models are selected due to their different
capabilities in extracting visual features related to
color, surface texture, and defects for quality
classification.

The CNN models are trained using transfer
learning with data augmentation techniques, including
image flipping, rotation, translation, and scaling, to
improve model generalization [28]. Training is
performed using the Adam optimizer for 100 epochs
with a constant learning rate of 1 x 1077 on an NVIDIA
RTX 3060 Ti GPU. The experiments are implemented
in MATLAB R2022a.

The selected CNN model analyzes raw image data
to classify lime images into preliminary quality
classes, including Extra Class, Class I, Class II,
Overripe, and Decayed, based upon the Codex
Standard for limes. The dataset includes diverse lime
samples with variations in color, texture, defect
severity, and ripeness to improve classification
robustness before being used in the subsequent quality
assessment process. In addition, Grad-CAM
visualizations are employed to support the
interpretability of classification results and improve
the transparency of the model [29].

3.3.2 Development of the regression model

In this stage, corresponding to Section 3.3.2 in Figure
6, the agentic Al-assisted model operates through
Stage 2 (Reasoning and Planning), Stage 3 (Tool
Execution and Feature Extraction), and Stage 4
(Inference and Quality Assessment) in Figure 10.
During Stage 2 (Reasoning and Planning), the LLM
Reasoning Agent analyzes the measured lime quality
attributes described in Section 3.2 together with CNN
classification outputs to identify variables associated

with each quality class, formulate an appropriate
quality assessment strategy, and determine the
analytical tools required for subsequent quality
evaluation.

Although the quality levels are ordinal, the lime
quality data, such as color, brightness, and defects, are
continuous variables that can overlap across adjacent
quality classes.

In Stage 3 (Tool Execution and feature extraction),
the variables selected by the LLM Reasoning Agent
(Llama 3.2 via Ollama) are analyzed using two
regression models, namely MLR and OLR, to identify
the most appropriate model for quality assessment.
This comparison is necessary because the predictor
variables are continuous, whereas the quality grades
are ordinal.

Next, in Stage 4 (Inference and Quality
Assessment), the selected regression model and
analyzed lime data from Minitab 20.2 are used to
develop predictive equations for explaining quality
outcomes and identifying the characteristics of each
quality class. These equations also support Codex-
based lime quality classification and assessment.

3.4 Verification and validation

The verification and validation process evaluates the
agentic Al-assisted model across perception, reasoning,
quality assessment, and explainable output generation.

For the perception component, CNN models
including VGG19, AlexNet, and ResNet50 are
evaluated using a dataset of 8,000 lime images collected
under controlled lighting conditions, consisting of five
quality classes with 1,600 images per class. The dataset
is divided into training and testing sets using an 80:20
split [27], with images from the same lime assigned to
only one dataset to prevent data leakage and ensure
reliable evaluation of classification accuracy and
feature extraction performance.

MLR and OLR models are validated for inference
and quality assessment. MLR is evaluated using R? and
RMSE, while OLR is evaluated using Somers’ D and
Kendall’s Tau-a. The results from both models are then
used to determine the more appropriate model for lime
quality classification.

The wverification and validation process also
supports Stage 5 (Learning and Self-Correction) by
analyzing classification results, confidence scores,
model agreement, and user feedback to identify
potential classification errors and improve the quality
assessment process.
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3.5 Evaluation

The evaluation is conducted using a test dataset
comprising 20% of the total data and separated from the
training set [21] to assess the performance of the agentic
Al-assisted model in classifying lime images into five
quality classes.

In this stage, the performance of CNN models,
including VGG19, AlexNet, and ResNet50, is evaluated
and compared to determine the model with the highest
classification accuracy. MLR and OLR models are also
evaluated and compared to identify the most appropriate
approach for quality assessment and Codex-based lime
quality classification.

3.6 Integrated model evaluation

In the agentic Al-assisted model, Stage 6 (Explainable
Output Generation) employs the LLM Explanation Agent to
generate explanations of the classification results. CNN-
based perception is used to extract lime features, while CNN
and regression models are integrated to estimate quality
outcomes, probabilities, and final quality grades according
to Codex criteria. The outputs present the predicted quality
class together with images and numerical indicators.

Model performance is evaluated using a test dataset to
assess accuracy in lime quality grading. Visual inspection
results are compared with CNN predictions to evaluate the
perception capability of the agentic Al-assisted model.
Regression models are validated separately to assess their
performance in explaining lime quality attributes within the
proposed model.

4 Results and Discussion
4.1 Visual inspection scores and kappa analysis

Visual inspection is conducted in two stages: three
evaluators with expertise in lime quality standards
establish consensus-based ground-truth labels for dataset
preparation, while visual inspection scores from 60
expert lime evaluators using the same image dataset and
Codex-based grading criteria are collected for
comparison with the proposed agentic Al-assisted model.
The visual inspection scores show moderate variability
with slight positive skewness, as illustrated in Figure 9,
with a mean score of 55.17 and a standard deviation of
14.19, reflecting subjective differences among
evaluators. The average visual inspection accuracy of
55% is used as a baseline for comparison with the
proposed model in Section 4.5.

Cohen’s Kappa is used to assess inter-rater reliability
beyond chance agreement. Moderate to substantial
agreement is found for Extra class (k = 0.595) and
Decayed (k ~0.615), indicating consistent identification of
premium and defective categories. In contrast, Class I and
Class II show only fair agreement (k = 0.31-0.34), likely
due to subtle visual differences and subjective judgment in
intermediate grades. This inconsistency in borderline
classes reduces classification reliability and underscores
the need for an agentic Al-assisted model to improve
objectivity, consistency, and explainability in lime quality
assessment.

Normal
>’12.5 [ = Mean 55.17
g'10.0 ~ StDev 14.19
g 75 Y l\i 63
Ii
0.0 — *\\l:l:l

30 40 50 60 70 80 90 100
Score
Figure 9: Distribution of visual inspection scores.

4.2 Model development (Agentic Al-assisted model)
4.2.1 Development and training of CNN models

This stage corresponds to Stage 1 (Perception) of the agentic
Al-assisted model, in which CNNs analyze lime images and
classify them into quality classes before subsequent
reasoning, planning and quality assessment processes.

Multiple CNN architectures, including VGG19,
ResNet50, and AlexNet, are trained and evaluated using
accuracy, precision, recall, F1-score, and confusion matrices
to identify the most appropriate model for lime quality
classification. As shown in Table 2 and Figure 10. VGGI19
can achieve the highest performance with approximately
94% accuracy, followed by ResNet50 (90%) and AlexNet
(82%). The confusion matrices further indicate that VGG19
provides the most accurate and consistent class-wise
predictions with fewer misclassifications, particularly
between visually similar categories such as Class I and Class
11, as illustrated in Figure 11.

Table 2: Performance evaluation results of CNN models.

.. F1-
Model  Accuracy Precision Recall score
VGGI19 94% 0.938 0.938 0.938
ResNet50 90% 0.899 0.898 0.899
AlexNet 82% 0.817 0.816 0.816
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Figure 10: Accuracy comparison of CNN models.
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Figure 11: Confusion matrices of VGG19, ResNet50, and AlexNet for lime quality classification.

Therefore, VGG19 is selected as the primary
CNN model due to its superior classification
performance and effective feature extraction.
Similarly, Kumar and Chinnasamy [12] demonstrated
that CNN-based models are effective for tomato leaf
discase classification, supporting the use of deep
learning for agricultural image analysis. ResNet50
also demonstrates strong performance through
residual learning, although with higher computational
complexity, while AlexNet offers lower complexity
but reduced classification accuracy.

Grad-CAM visualization is applied to the VGG19
model, as shown in Figure 12, to improve model
transparency and interpretability by identifying image
regions that contribute to classification decisions [29].
The results indicate that the model focuses on peel
color, ripeness characteristics, and defect regions
relevant to Codex-based lime quality grading,
consistent with recent explainable CNN studies in
agriculture [6].

Within the proposed agentic Al-assisted model,
CNN-based image classification serves as Stage 1
(Perception) of the proposed model. The results
indicate that more accurate CNN models, particularly
VGG19, provide reliable classification outputs that
support the subsequent reasoning and planning
processes (Stage 2) and quality assessment procedures
in later stages of the workflow.

4.2.2 Development of the regression model

The developed regression models show that both MLR
and OLR effectively explain the relationship between
lime attributes and quality levels, with all variables
being statistically significant (p-value < 0.001).
Consistent with Section 3.3.2, the agentic Al-assisted
model utilizes regression analysis throughout Stages 2
to 4 to support Codex-based lime quality classification
and assessment. For the MLR model obtained from
Stage 4, the regression equation is expressed as
follows.

Y = 6.986 —0.02417(x1) +0.01659(x2) +0.02079(x3)
~0.03486(xs) —0.005933(xs)

where X4, X,, X3, X4, and X represent brightness,
green value, yellow value, firmness, and peel defect,
respectively. The model demonstrates high predictive
performance, with an R? value of 92.90%, indicating
strong explanatory power for continuous quality
variation.

The coefficients indicate that brightness and firmness
negatively influence the predicted quality score, whereas
green and yellow values contribute positively. Substituting
representative sample values (xi= 45, x, = -25, x3 = 28,
x4 =130, xs =0 ) yields Y = 1.53, corresponding to the
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Extra class. However, because MLR produces continuous
outputs, additional thresholding is required for discrete
classification, which can introduce ambiguity in borderline
cases.

The residual analysis in Figure 13 suggests that the
MLR model reasonably satisfies the normality
assumption, as indicated by the Normal Probability Plot (a)
and Histogram (c). However, the Versus Fits plot (b) and
Versus Order plot (d) suggest possible non-linearity and
potential violations of the independence assumption,
indicating that the model can not fully capture the
underlying relationships in the data.

The OLR model obtained from Stage 4 showed a
statistically significant fit (p-value < 0.05) with strong
ordered associations between the response variable and
predicted probabilities (Somers’ D=0.91, Gamma = 0.91,
and Tau-a = 0.73). These results confirm a strong
relationship between lime attributes and quality grades. In
the agentic Al-assisted model, the OLR model supports
quality assessment in Stage 4, while its outputs are
interpreted by the LLM Explanation Agent during output
generation in Stage 6, enabling structured classification
aligned with Codex standards, particularly in borderline
cases where visual inspection produces inconsistent
judgments. The OLR model is expressed through the
following cumulative logit equations.

Logit[P(Y < 1)] = -43.48 +0.31(x1) -0.76(x2) -0.16(x3)
+0.26(x4) + 0.22(x5)

Logit[P(Y<2)] = -67.76 +0.31(x1) -0.76(x2) -0.16(x3)
+0.26(x4) + 0.22(xs)
Logit[P(Y<3)] = -73.66 +0.31(x1) -0.76(x2) -0.16(x3)

+0.26(x4) + 0.22(xs) (4)

Logit[P(Y < 4)] = -76.42 +0.31(x1) -0.76(x2) -0.16(x3)
+0.26(x4) + 0.22(xs)

where x1—xs represent peel brightness, green value,
yellow value, firmness, and peel defect size. For
example, substituting the values for an Extra class
lime (x;=45, x2 =-25,x3=28,x4=130,x5=0) into
the OLR cumulative logit equations yields a very large
positive logit for the Y < 1 equation, as shown in the
following.
n = 4+0.31(45) — 0.76(—25) — 0.16(28) + 0.26(130)

+0.22(0) = 62.27

Then, Logit[P(Y < 1)] = —43.48 + 62.27 = 18.79

Therefore, P(Y < 1) = ~ 1.00.

el8 79

Table 3: Class-wise performance evaluation of the
OLR model for lime quality classification.

Class Quality Precision Recall F1-
Grade score
1 Extra Class 0911 0.926 0.919
2 Class I 0.757 0.757  0.757
3 Class IT 0.783 0.773  0.778
4 Overripe 1.000 1.000  1.000
5 Decayed 1.000 0.997  0.998

This result indicates that the sample is classified
into the Extra class with near certainty. Such high-
confidence predictions reflect the strong separability
of quality classes in the feature space.
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Figure 13: Residual diagnostic plots for the MLR model.

The distribution analysis in Figure 14 shows
separation between higher-quality classes (Extra
Class, Class I, and Class II) and lower-quality classes
(Overripe and Decayed), particularly in firmness and
brightness, reflecting a clear ordinal structure with
limited overlap among classes. Consistently, Table 3
demonstrates that the OLR model also achieves high
overall classification accuracy with strong class-wise
performance based upon confusion matrices,
precision, recall, and Fl-score, confirming its
suitability for ordered quality classification. Overripe
and Decayed achieves near-perfect performance
values close to 1.00, while Extra Class also shows high
performance with an Fl-score of 0.919. Only slight
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Figure 14: Distribution of lime quality features across
quality classes.
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misclassification is observed between neighboring
grades such as Class I and Class II, reflecting their
similar visual characteristics. Overall, both MLR and
OLR demonstrate strong predictive performance;
however, OLR is more appropriate for ordered and
overlapping grade structures. Similar findings have
been reported in previous apple grading studies using
ordinal regression [19]. Within the agentic Al-assisted
model, OLR improves decision consistency, reduces
ambiguity in borderline cases, and supports structured
Codex-compliant lime quality classification.

4.3 Verification and validation

For Stage 1 (Perception), CNN models including VGG19,
AlexNet, and ResNet50 achieve accuracy above 80%,
confirming reliable perception. For Stage 5 (Learning and
Self-Correction), evaluation results from the MLR and
OLR models are used to validate performance and support
quality assessment refinement. MLR demonstrates strong
predictive accuracy with high R? and low RMSE, while
OLR shows statistically significant predictors and strong
ordinal association measures, confirming reliable
classification of ordered quality grades.

The validation results improve classification accuracy,
reliability, and model generalization, supporting the
Learning and Self-Correction process [27].

4.4 Evaluation

The evaluation is conducted using a test dataset
comprising 20% of the total data to determine the most
appropriate models for lime quality classification
within the proposed agentic Al-assisted model.

For the perception component, VGG19, AlexNet,
and ResNet50 are evaluated based on classification
accuracy. VGG19 achieves the highest accuracy (94%),
outperforming the other architectures; therefore, it is
selected as the perception model, consistent with the
findings of Kumar and Chinnasamy [12]. In Stage 5
(Learning and Self-Correction), MLR and OLR are
evaluated to determine the most appropriate
classification model. Although MLR shows strong
predictive performance (R?* = 92.90%), it requires
thresholding for discrete classification. In contrast,
OLR demonstrates strong ordinal consistency (Somers’
D = 0.91; Kendall’s Tau-a = 0.70) while directly
producing probability-based outputs for ordered quality
levels. Therefore, OLR is selected as the regression
model, consistent with previous fruit grading studies
using ordinal regression [19].

4.5 Integrated model evaluation

The developed classification model integrates the selected
VGG19 model with the OLR model. The VGG19
model autonomously extracts image-based features for
preliminary lime classification, while measured lime
attributes, including peel color, brightness and defect size,
are used as inputs for the OLR model to generate
probability values for each quality level. This architecture
supports Stage 6: Explainable Output Generation of the
agentic Al-assisted model process. The model provides
explainable outputs through the predicted quality class,
measured lime attributes, and OLR probability values
interpreted by the LLM Explanation Agent. These outputs
enhance transparency and reliability, enabling systematic
verification and interpretation of classification results
based upon image-derived and numerical information.

The developed conceptual model is evaluated using
the test dataset for lime quality classification. Compared
with conventional visual inspection, the proposed
agentic Al-assisted model provides more consistent
and objective results, achieving 90% classification
accuracy compared with 55% for visual inspection by
60 expert lime evaluators. While Kumar and Chinnasamy
[12] reported 99% accuracy for tomato leaf disease
classification using CNN models, the presented study
demonstrates that Al can also achieve reliable Codex-
based lime quality grading.

5. Conclusions

The objective of this research is to develop an agentic
Al-assisted model for Codex-based lime quality
classification by integrating CNN-based perception,
OLR-based quality assessment, and LLM-driven
reasoning and explanation mechanisms. The literature
review identifies a research gap, as there is limited
evidence of applying agentic Al-assisted model
concepts to support quality assessment in Codex-
based fruit classification systems. The results
demonstrate that the proposed model achieves high
classification performance, with VGGI19 attaining
94% accuracy and significantly outperforming visual
inspection, which achieves 55% accuracy. The
contribution of this research is the development of a
Codex-aligned lime grading model integrating CNN,
OLR, and LLM-driven agentic Al-assisted model for
automated and interpretable quality assessment.
Theoretically, this research contributes to the
development of an agentic Al-assisted model by
demonstrating the importance of aligning data
structure, model selection, and grading standards,
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while showing that OLR is more appropriate than
MLR for ordered and overlapping Codex quality
grades. Practically, this research demonstrates the
potential of an agentic Al-assisted model to support
objective and reliable lime quality grading in real-
world agricultural practice. The advantage lies in
delivering explainable quality assessments through an
agentic Al-assisted model. The benefit of the proposed
model is improving accuracy, reliability, and
explainability in quality grading while reducing
missed sales opportunities for farmers. A limitation of
this research is that the model is developed using lime
images under controlled conditions, limiting its
applicability to other fruits and environments. Future
research can be extended through external validation
of the proposed model, together with the integration of
aroma, taste, and juice content using multimodal
sensing and 3D fruit analysis to enhance quality
assessment and support LLM-driven reasoning.
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