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Abstract

Produce grading influences market access, price formation, buyer confidence, postharvest handling, and
the allocation of fruits and vegetables into different commercial channels. Conventional visual grading
can be practical but may vary among inspectors because assessments of color, shape, size, maturity, and
visible defects contain subjective elements. Computer vision offers a mechanism for converting
observable produce characteristics into reproducible measurements, while smartphone cameras create
the possibility of moving image-based grading from centralized packing facilities to farms, aggregation
centers, local markets, and small-scale supply chains. This study develops a simulation-based framework
for transparent produce grading through mobile image analysis without presenting hypothetical images
or grading trials as empirical observations. Five grading configurations are compared: manual visual
assessment, uncalibrated mobile analysis, standardized mobile image capture, calibrated mobile grading,
and explainable mobile grading with human review. A Mobile Grading Transparency Index integrates
measurement consistency, grading-rule visibility, confidence communication, reproducibility, and
contestability.

Simulated agreement with a reference grading protocol increases from 76% for conventional
visual assessment to 96% for an explainable calibrated mobile system supported by human review. The
analysis demonstrates that algorithmic grading becomes transparent only when users can understand
which visible attributes influenced the grade, how confident the system is, whether image quality was
adequate, and how an uncertain or disputed result can be reviewed. Camera differences, automatic white
balance, illumination, background, viewing angle, occlusion, and training-data representativeness remain
important sources of error. Mobile image analysis should therefore be positioned primarily as a
standardized assessment tool for externally visible quality attributes rather than as a substitute for
measurements of internal composition, food safety, or hidden defects. The proposed framework
demonstrates how affordable computer vision can support more consistent produce transactions while
preserving human oversight and traceable grading logic.

Keywords: produce grading, mobile image analysis, computer vision, smartphone agriculture, grading
transparency, fruit quality, machine vision, postharvest technology

1. Introduction
Fresh fruits and vegetables are commonly differentiated according to observable quality attributes such
as size, color, shape, maturity appearance, surface uniformity, and visible defects. These characteristics
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influence consumer acceptance, processing suitability, packaging decisions, and the market category into
which produce is placed. Grading therefore performs both a technical and an economic function: it
converts heterogeneous biological products into categories that buyers and sellers can use during
transactions. Traditional human inspection remains important because experienced graders can
recognize complex visual patterns rapidly, yet manual inspection is also affected by fatigue,
environmental conditions, subjective interpretation, and inconsistency among individuals. Brosnan and
Sun describe computer vision as a rapid, non-destructive, and comparatively objective alternative for
agricultural and food-product inspection, while Zhang and colleagues show that color, size, shape,
texture, and visible defects constitute major targets of automated fruit and vegetable quality assessment.

Machine-vision grading has historically been associated with controlled processing environments
containing dedicated cameras, conveyors, calibrated lighting, and specialized computing systems. Such
installations can provide high throughput but may remain inaccessible to smaller producers,
decentralized aggregation points, and informal or semi-formal produce markets. Smartphone-based
imaging changes the technological boundary because contemporary mobile devices combine cameras,
computing capacity, connectivity, and interactive interfaces in a portable platform. Reviews of
smartphone imaging demonstrate that these devices can provide low-cost and field-compatible image
analysis, although calibration, illumination, camera variation, and standardization remain important
unresolved challenges.

The relevance of mobile grading extends beyond automation. In agricultural transactions,
grading can become contentious when sellers cannot determine why produce has been assigned to a
lower category or when two buyers apply apparently different visual standards. A mobile system could
potentially document the image used for assessment, measure visible characteristics, apply predefined
rules consistently, display the reasons underlying a classification, and retain an auditable record.
Transparency therefore involves more than classification accuracy. A technically accurate system can
still be opaque if users do not know what features influenced the grade or cannot challenge an obviously
incorrect result.

Mobile image analysis also has clear limitations. Smartphone photographs provide information
about externally visible characteristics, but ordinary RGB images do not directly measure many internal
attributes such as soluble solids, firmness, internal bruising, internal decay, chemical residues, or
microbiological safety. Reviews of optical grading systems emphasize that conventional visible
computer vision is well suited to color, shape, size, texture, and some surface defects, whereas less
visible defects can require multispectral, hyperspectral, near-infrared, or other specialized sensing
approaches. A transparent grading system must therefore disclose not only what it can detect but also
what lies outside its measurement capability.

Against this background, the present study develops a simulation-based framework for
transparent produce grading through mobile image analysis. The study does not claim an original dataset
of produce photographs or observed farmer transactions. Instead, it synthesizes established computer-
vision principles into a comparative model covering image standardization, calibration, interpretable
grading rules, confidence communication, and human review. The central proposition is that mobile
image analysis can improve grading consistency and transactional transparency when the system
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exposes its measurement logic and uncertainty rather than presenting an unexplained algorithmic
category as an unquestionable result.

2. Objectives of the Study

2.1 To Evaluate the Transparency of Alternative Produce-Grading Approaches

The first objective is to compare conventional visual assessment with progressively more structured
mobile image-analysis systems. The comparison distinguishes simple automation from transparent
automation. An uncalibrated application may produce a grade rapidly, yet users may have little
information about whether image quality, illumination, camera processing, or the classification model
influenced the outcome.

Transparent grading is therefore evaluated through reproducibility, visibility of grading criteria,
confidence communication, and the availability of a review process. A high-quality system should allow
two users following the same image-capture protocol to obtain comparable assessments while also
showing the visible evidence supporting the assigned grade.

2.2 To Examine Technical Conditions Affecting Mobile Grading Reliability

The second objective is to evaluate the technical factors that must be controlled before smartphone
imagery can be treated as reliable grading evidence. Particular attention is given to ambient illumination,
camera variation, white balance, viewing angle, scale reference, background, image resolution, and
partial occlusion.

Smartphone colorimetry research demonstrates that inter-device variation and changing ambient
illumination can materially alter image-derived measurements unless calibration or correction
procedures are applied. The study therefore treats standardized image acquisition as part of the grading
method rather than as a minor preliminary step.

2.3 To Develop an Explainable and Contestable Mobile-Grading Framework

The third objective is to establish how mobile grading can provide understandable reasons for a produce
classification. The system should distinguish measurable observations—such as approximate size, color
category, shape conformity, and visible defect area—from the rule or model translating those
observations into a commercial grade.

Contestability is also incorporated because image-based classification will inevitably include
uncertain and incorrect cases. A farmer, trader, or inspector should be able to request a new image,
examine the detected defect region, or refer an ambiguous result for human review. Transparency
therefore includes an operational mechanism for correcting decisions rather than merely displaying
technical information.

3. Review of Literature

3.1 Computer Vision for External Produce Quality Evaluation

Computer vision has been investigated for agricultural and food-quality inspection for several decades.
Brosnan and Sun describe the technology as an objective, rapid, and non-contact inspection mechanism
with applications across fruits, vegetables, grains, meats, and other food products. Their work
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established a general computer-vision workflow involving controlled image acquisition followed by
processing, measurement, and classification.

Zhang and colleagues provide a detailed review specifically addressing external fruit and
vegetable quality. They identify color, texture, size, shape, and visual defects as primary attributes
accessible through conventional RGB computer vision. Their review also distinguishes conventional
imaging from spectral approaches that can provide additional information when defects cannot be
differentiated through ordinary surface appearance. Bhargava and Bansal similarly describe
preprocessing, segmentation, feature extraction, and classification as central stages in computerized
produce-quality evaluation and note that manual grading remains vulnerable to variability and
subjectivity.

Individual grading studies demonstrate both the potential and the limitations of automated vision.
Arakeri and Lakshmana developed a tomato grading system incorporating ripeness and defect analysis,
while later tomato research combined color, texture, and shape-related features with machine-learning
classification. The latter study reported that performance could decline as grading categories became
more complex, illustrating why published accuracy for a relatively simple classification problem cannot
automatically be generalized to every produce standard or market context.

3.2 Smartphone Imaging, Calibration, and Field Variability

The smartphone is attractive as a grading platform because it combines image acquisition and analysis in
a device already widely used outside specialized laboratories. Smartphone-based food-imaging literature
describes substantial potential for portable quality assessment while emphasizing that controlled
acquisition remains necessary. Portability therefore reduces equipment barriers without eliminating
measurement science.

Nixon, Outlaw, and Leung demonstrate the importance of device and illumination correction in
smartphone color measurement. Their work shows that ambient lighting and differences among phone
cameras can introduce significant error, while calibration and ambient-light correction can improve
device-independent colorimetric measurement. Although their application is broader than produce
grading, the underlying principle applies directly to fruit and vegetable assessment because maturity and
grade frequently depend partly on measured surface color.

A systematic review of smartphone optical systems in food analysis identifies inter-phone
variation, automatic camera processing, illumination, and inconsistent validation as important technical
gaps. The review notes that relatively few studies systematically evaluate multiple smartphone models
despite the influence that cameras and image-processing pipelines can exert on measurement. Related
work on smartphone color analysis likewise demonstrates that background correction and selection of
color representation can influence analytical stability.

3.3 Transparency, Explainability, and Human Oversight

Automated grading introduces a new form of information asymmetry if only the software provider
understands how classifications are produced. A farmer may receive "Grade B" without knowing
whether the result reflects fruit size, color deviation, superficial blemishes, image quality, or model
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uncertainty. This may improve consistency relative to manual inspection while simultaneously reducing
procedural transparency.

A transparent grading architecture should therefore retain interpretable intermediate
measurements. Instead of displaying only a final class, the application can report estimated diameter,
color or maturity category, detected defect percentage, shape deviation, image-quality status, and the
rule connecting these observations to the assigned grade. Such decomposition is especially practical
where commercial standards themselves are rule-based.

Machine-learning models can supplement rule-based grading when visual defects are too
complex for simple thresholds, but model output should be accompanied by interpretable evidence. For
image classification, this may include highlighting the area that influenced a defect decision, presenting
class probability, and displaying alternative grades when confidence is low. Transparency is
strengthened when algorithmic assistance remains linked to observable produce characteristics rather
than being presented as an opaque numerical authority.

4. Research Methodology

4.1 Research Design and Simulated Grading Environment

The study adopts a simulation-based comparative design. No original fruit or vegetable image dataset is
used, and no measured algorithmic accuracy is claimed. The hypothetical grading environment
represents farm-gate, aggregation-center, or local-market assessment using a smartphone application
capable of analyzing externally visible produce characteristics.

Five grading configurations are modeled. The first is manual visual assessment without
computational assistance. The second is uncalibrated mobile analysis, in which a photograph is
classified without strict acquisition controls. The third adds standardized image capture using predefined
background, distance, orientation, and scale. The fourth introduces device and color calibration. The
fifth adds explainable output and human review for uncertain or contested results.

The produce is assumed to be graded primarily according to external quality. Example
measurable attributes include apparent size, shape, surface color, visible defect area, and visually evident
maturity characteristics. Internal quality, hidden damage, chemical contamination, and microbiological
safety are explicitly outside the scope of ordinary RGB mobile grading.

4.2 Mobile Grading Transparency Index
A Mobile Grading Transparency Index (MGTI) was developed using five criteria. Each criterion is

scored from 0 to 100, with higher values indicating stronger procedural and technical transparency.

Table 1: Criteria and weights used in the Mobile Grading Transparency Index

Criterion Operational interpretation Weight
Measurement Stability of image-derived grading across repeated assessments 0.25
consistency and users '
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Criterion Operational interpretation Weight

N Extent to which users can understand the measurements and
Rule visibility i . i i 0.20
grading criteria producing the final class

Confidence Availability of image-quality warnings and uncertainty or

.. . . 8 2
communication confidence information 0.20
- Ability to recreate the assessment from documented images and
Reproducibility y . g 0.20

settings
Contestability Availability of retake, correction, or human-review procedures 0.15

The composite index is expressed as:

MGTI =0.25C + 0.20R + 0.20U + 0.20P + 0.15H

where C represents consistency, R rule visibility, U uncertainty communication, P reproducibility, and H
human contestability.

Measurement consistency receives the largest individual weight because a grading system cannot
be regarded as transparent when identical produce receives substantially different outcomes under
similar conditions. Rule visibility, uncertainty, and reproducibility receive equal emphasis because users
need to know how the result was produced and whether it can be independently examined.

4.3 Image Acquisition, Classification, and Review Protocol

The simulated mobile workflow begins with an image-quality check. Produce is positioned against a
specified neutral background with a physical size reference. The application verifies whether the image
is sufficiently sharp, the produce occupies an appropriate proportion of the frame, glare is within
acceptable limits, and the full relevant surface is visible. Where the grading task requires inspection of
multiple sides, more than one image is captured.

The second stage performs color correction and segmentation. The produce is separated from the
background, after which measurable visual characteristics are extracted. Smartphone color research
indicates that calibration and illumination control are especially important where color differences
influence classification. A transparent application should therefore reject or flag unsuitable images rather
than silently processing low-quality input.

The final stage converts measurements into a grade. Rule-based criteria are used where the
standard specifies measurable thresholds. Machine-learning defect recognition may be used for complex
surface patterns, but the application records detected regions and reports confidence. Cases falling close
to grade thresholds or below a predefined confidence level are automatically referred for image retake or
human review.

AJAMIR Volume 7, Issue 2, March-April 2026 18




American Journal of Advanced Multidisciplinary
Innovation and Research (AJAMIR)

E-ISSN: XXXX-XXXX e Website: www.ajamir.com e Email: editor@ajamir.com

5. Analysis

5.1 Comparative Transparency of Produce-Grading Configurations

The simulation shows that manual visual assessment receives an MGTI of 46.0. Human inspection has
the advantage of natural explainability when the grader communicates the reason for a decision, but
reproducibility can be weak because assessments depend on individual interpretation and may not
generate a permanent visual record.

Uncalibrated mobile analysis increases measurement automation but achieves only 53.8 on the
transparency index. The result reflects an important distinction: digitization by itself does not guarantee
transparency. A black-box mobile application operating on uncontrolled images can appear objective
while concealing sensitivity to lighting or camera conditions.

Standardized image capture increases the simulated MGTI substantially to 72.9, while calibrated
mobile analysis reaches 85.1. The explainable configuration with explicit human review achieves the
strongest simulated value of 94.0.

Table 2: Simulated transparency performance of alternative produce-grading approaches

Grading Rule Confidence

Consistency Reproducibility | Contestability | MGTI

approach visibility | communication

Manual

visual 58 65 25 32 55 46.0
assessment

Uncalibrated
mobile 66 42 48 60 48 53.8
analysis

Standardized
mobile 80 64 68 82 67 72.9
capture

Calibrated
mobile 91 78 84 92 76 85.1
model

Explainable
model +
human
review

95 96 94 94 90 94.0

Note: All numerical values are simulated for methodological demonstration and do not represent results
from an actual grading trial.

The progression illustrates why image quality, calibration, and explainability should be regarded
as parts of the grading architecture rather than optional technical enhancements. A classification model
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may achieve strong laboratory performance but still produce unreliable market outcomes when deployed
on uncontrolled smartphone photographs.

5.2 Simulated Agreement With a Reference Grade
A complementary simulation compares each grading approach with a hypothetical reference procedure
conducted under standardized conditions. Manual visual assessment achieves an illustrative agreement
of 76%, while uncalibrated mobile analysis reaches 81%.

The standardized capture protocol increases simulated agreement to 88%, and calibrated image
analysis reaches 93%. The explainable model combined with human review achieves the highest
simulated agreement at 96%.

Graph 1: Simulated Grading Agreement Under Increasingly Transparent Mobile Analysis
100 — — : -

6%

90 1

85 1

B0 1

Simulated agreement with reference grade (%)

75 1

T0 T T v | 1
Manual visual Uncaliorated Standardized image Calibrated mobile Explainable model +
assessment mohile analysis capture model human review

Produce-grading approach

The graph should not be interpreted as measured classifier accuracy. Actual performance depends on
crop species, cultivar, grading standard, image dataset, camera hardware, illumination, sample diversity,
defect type, number of grade categories, and validation procedure. Existing computer-vision studies
demonstrate that strong performance can be achieved for individual grading problems while also
showing that complexity and ambiguous defects can reduce classification reliability.

The most important analytical result is therefore not the simulated percentage itself but the
direction of improvement. Standardization before classification and review after uncertain classification
address different sources of error. The former reduces measurement variability; the latter reduces the
consequences of residual algorithmic uncertainty.
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5.3 Transparent Grade Explanation and Transaction Records
A transparent mobile output should present the final grade together with its measurable basis. For
example, the system could indicate that the produce satisfied the required size range and color category
but was downgraded because the estimated visible defect area exceeded the configured threshold. The
detected region could be highlighted directly on the stored image.

Such an interface transforms grading from a label into an inspectable decision record. The farmer
can see which characteristic affected the grade, while the buyer can demonstrate that the same rule was
applied consistently. Where disagreement persists, the stored image and measurements can support a
second assessment.

A confidence indicator should be displayed separately from the commercial grade. A produce
item may receive a provisional Grade A result while the classifier itself has only moderate confidence
because part of the surface is obscured. Combining class and confidence into a single unexplained output
could create false certainty.Data retention should also remain proportionate. Transaction images can
support auditability, but producers should know how long images are stored, who may access them, and
whether they will be reused for model development. Transparent grading therefore involves information
governance as well as visual explainability.

6. Discussion

6.1 Standardization as the Foundation of Mobile Grading Credibility

The strongest practical conclusion is that reliable mobile grading begins before the algorithm analyzes
the image. Camera-based measurement is inherently sensitive to acquisition conditions. Ambient
illumination changes apparent color, reflections can resemble surface defects, perspective changes
apparent dimensions, and automatic camera processing can modify exposure and white balance.

Nixon and colleagues show that calibration and ambient-light correction can substantially
improve consistency across smartphone-based color measurements. Reviews of smartphone optical
analysis similarly identify inter-device variability and validation standardization as major technical
challenges. These findings make uncontrolled photograph submission difficult to defend when grades
carry economic consequences.

The application should therefore guide image capture actively. On-screen framing, distance
guidance, background detection, scale calibration, glare warnings, and automatic blur detection can
prevent low-quality input from reaching the grading model. Where conditions remain unacceptable, the
transparent response is to request another image rather than manufacture a confident classification from
inadequate evidence.

This principle also affects model validation. A grading system should be tested across the
smartphone models, lighting environments, cultivars, production regions, and defect conditions in which
it is intended to operate. Bhargava and Bansal identify the need for broader datasets and greater
robustness across produce classes, while smartphone-imaging research stresses the importance of
hardware and acquisition variation.
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6.2 Transparency as a Market-Fairness Mechanism

Produce grading has distributional consequences because small differences in grade can affect price and
market access. This makes transparency particularly important when automated systems are introduced
into transactions between actors with unequal technical knowledge.An opaque classifier can shift
authority from the human grader to the software provider without necessarily reducing information
asymmetry. If neither farmer nor buyer understands the classification process, the system's apparent
objectivity may make disputed decisions more difficult rather than easier to resolve.

Transparent mobile grading can address this problem by separating observation from decision.
The application records the produce image and extracts defined characteristics. A grading standard then
maps those characteristics into a commercial category. Where machine learning is required, the model
contributes a probabilistic visual assessment while uncertainty remains visible.

Human oversight should consequently be designed into the workflow rather than added only
after failure. Automatic grading is most appropriate when the image is valid and the result is clearly
distant from a grade boundary. Borderline cases, unusual cultivars, ambiguous defects, or low-
confidence predictions should be eligible for manual review.

This architecture also discourages strategic manipulation. If grading criteria and image
requirements are documented, users cannot easily switch between different standards without leaving a
trace. The same transparency should apply to software updates: changes to thresholds or models that
could alter produce classifications should be versioned and auditable.

6.3 Appropriate Scope and Future Role of Mobile Image Analysis

Mobile computer vision should not be presented as a complete measurement of produce quality.
Ordinary photographs assess only characteristics that are sufficiently visible in the captured image.
Zhang and colleagues demonstrate that conventional computer vision performs strongly for color,
texture, shape, size, and obvious external defects, while spectral technologies may be necessary for some
less visible quality attributes.

This limitation has important commercial implications. A mobile system should not infer
sweetness, internal firmness, internal bruising, pesticide residue status, or microbiological safety merely
from an RGB photograph unless the claimed measurement has been independently validated for that
specific purpose. Transparency requires explicit disclosure of such boundaries.

The technology may nevertheless have considerable value in decentralized markets. A farmer
cooperative could use the same mobile protocol before delivery that a buyer uses at receiving.
Aggregation centers could document incoming quality rapidly. Extension organizations could provide
standardized grading support without requiring costly machine-vision installations. Digital marketplaces
could attach verified external-quality measurements to produce lots rather than relying solely on seller
descriptions.

Over time, mobile image analysis could also be integrated with inexpensive external sensors,
weighing scales, temperature measurements, or specialized optical attachments. The appropriate
development pathway is modular: each additional measurement should have a clearly validated
relationship with the quality characteristic being claimed rather than being incorporated merely because
additional sensing technology is available.
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7. Conclusion

Transparent mobile produce grading represents a practical intersection of computer vision, postharvest
management, and digital market governance. Smartphone cameras can make automated external-quality
assessment substantially more accessible than fixed industrial grading equipment, but portability alone
does not ensure measurement reliability. A photograph becomes credible grading evidence only when
acquisition conditions, calibration, classification logic, and uncertainty are appropriately controlled.

The simulation demonstrates the conceptual benefit of moving progressively from subjective or
uncontrolled assessment toward standardized and explainable mobile grading. The Mobile Grading
Transparency Index increases from 46.0 under conventional visual assessment to 94.0 under an
explainable calibrated system containing a human-review pathway. Simulated reference-grade
agreement similarly increases from 76% to 96%. These numbers are illustrative rather than empirical,
yet they demonstrate the separate value of standardized capture, device calibration, confidence reporting,
and review.

The study further argues that transparency must extend beyond model accuracy. Farmers and
buyers should be able to identify the visible characteristics influencing a grade, inspect the underlying
image, understand whether the system is uncertain, and challenge outcomes where necessary. An
automated decision that cannot be reconstructed or reviewed should not be considered fully transparent
merely because it is produced consistently by software.

Future empirical work should validate the framework using multi-device image datasets
collected across cultivars, lighting environments, market locations, and grading categories. Studies
should report grade-specific sensitivity and specificity, inter-device reproducibility, calibration stability,
false defect detection, performance around commercial grade boundaries, and agreement between
trained human graders and mobile systems. Particular attention should be given to independent external
validation rather than evaluation exclusively on images collected under laboratory conditions. With
these safeguards, mobile image analysis could develop into a credible decision-support mechanism that
improves grading consistency while giving producers and buyers clearer, more traceable evidence for
produce-quality decisions.
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