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ABSTRACT

Coffee ranks among the most economically important agricultural commodities traded globally. Despite this significance, its
quality is routinely affected by internal defects — particularly insect damage and hollow beans -that are undetectable through
conventional surface inspection. This paper describes a quality inspection system built on Google Gemini’s multimodal vision
capabilities, designed to automatically analyze X-ray images of coffee beans and identify hidden structural defects. The system
runs though a Next.js web application, allowing users to upload images in real time and receive structured quality assessment
reports. X-ray images were gathered, preprocessed, and sent to the Gemini Vision API with carefully designed prompts, which
returned classification outputs indicating defect type, confidence level, and corrective recommendations. Testing on 60-image
dataset produced an overall classification accuracy of 88.3%, with processing times under four second per image. These results
show that combining large multimodal AI model with web-based deployment provides a practical, affordable, and scalable
alternative to both manual destructive inspection and costly specialized equipment. This work presents a reproducible pipeline for

Al-driven agricultural quality control and lays groundwork for future deep learning improvements in food safety applications.

Keywords: x-ray image analysis; coffee bean defect detection; Google Gemini Vision API; insect damage

detection; hollow bean classification;, Al-based agricultural inspection,; Next.js web application, deep learning;

computer vision, food quality automation

1. Introduction

Coffee is among the most widely traded agricultural goods
in the world, yet hidden internal defects- particularly insect
damage and hollow beans- routinely go undetected during
conventional visual inspection, quietly degrading product
quality and affecting producer credibility. Standard
screening methods are simply incapable of revealing defects
concealed beneath an undamaged outer husk.

To address this gap, we developed an inspection system that
pairs Google Gemini’s multimodal vision capabilities with
X-ray imaging to detect these hidden flaws automatically.

The system is accessible through a straight forward Next.js

web application and achieves 88.3% classification accuracy
with response times under four seconds per image, making it
a practical, scalable, and cost-efficient option for

modern coffee  quality management.
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3. Research Methodology

The methodology follows a structured four-stage pipeline:
data acquisition, image preprocessing.Al-driven analysis, and
result presentation. Each stage was designed to maximize

reproducibility, analytical accuracy, and practical usability.
3.1 Data Collection

X-ray images of coffee beans were sourced from a
combination of publicly available agricultural imaging
repositories and laboratory-acquired samples. Beans were
pre-categorized into three classes: (1) structurally intact
healthy beans, (2) beans with insect-induced internal
damage characterized by cavity formations or irregular
density patterns, and (3) hollow beans exhibiting reduced
internal mass and abnormal void spaces. Images were
acquired using a digital radiography unit operating at
standard soft-material setting, producing grayscale outputs
with sufficient resolution to distinguish millimeter-scale

internal structural variations.
3.2 Image Preprocessing

Raw X-ray images underwent a series of preprocessing
operations to improve their suitability for Al-based analysis.
These included: grayscale normalization to correct
inconsistent levels across imaging sessions; contrast
enhancement via histogram equalization to accentuate
internal structural features; Gaussian filtering to suppress
sensor-induced noise artifacts; and image resizing to
standardize input dimensions while preserving aspect ratios.

All preprocessed images were stored in lossless PNG format.
33 Based Analysis Using Google Gemini Vision API

The central analytical component is Google Gemini’s
multimodal vision model, accessed through the official
Generative Al JavaScript SDK. Each preprocessed X-ray
image was submitted to the Gemini Vision APl with a
structured natural language prompt instructing the model to:
(a) examine the internal structure of visible coffee beans; (b)
identify indicators of insect tunneling hollow voids, or
abnormal density distributions; (c) assign a quality
classification from a predefined schema-Healthy, Insect-

Damaged, Hollow, or Uncertain; and (d) provide a

confidence level and a human-readable explanation. The
prompt was iteratively refined through pilot experiments to

optimize specificity and response consistency.

3.4  System Architecture and Workflow

Users interact with the system through a Nextjs web
application, uploading X-ray images via a drag-and-drop or
file-browser interface. Each image is encoded in Base64
format, and the application constructs a structured API
request containing both the image data and defect analysis
prompt. The Gemini Vision API response is then parsed to
extract the classification label, confidence score, defect
description, and quality recommendation. Result are
displayed in a tabular format alongside the original X-ray
image. The complete analysis cycle- from image upload to
displayed result- finishes within seconds, supporting

throughput levels suitable for real-time inspection.
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4. Implementation And Experimentation

4.1 Software environment and Tools

The system was built using next.js 14, leveraging React
components for the user interface and API Route handlers
for server-side processing. The Gemini Vision API (model
gemini 1.5-pro-vision) was integrated through the official
Google Generative Al JavaScript SDK Image preprocessing
was handled by the Sharp library for Node.js, providing
efficient resizing, Format conversion, and contrast
adjustment. The application was containerized using Docker
for consistent deployment and hosted on Vercel’s serverless
infrastructure.

4.2 Dataset preparation

The experimental dataset comprised 240 X-ray images: 90
healthy beans,80 insect-damaged beans, and 70 hollow
beans. All images were individually labeled by a domain
expert with over a decade of experience in coffee grading.
Labels served as ground truth for performance evaluation.
The dataset was split into a 60-image test subset (25 healthy,
20 insect-damaged, 15 hollow) for systematic evaluation,
while the remaining 180 images supported prompt
calibration and qualitative review.

Table I: Dataset Composition and Split Summary

Bezn Total Test Subset/Calibrati Share
Category Images on Set  jof Total
(“o)

Healthy [90 25 65 37.5%
Insect- |80 20 60 33.3%
Damaged

Hollow |70 15 55 29.2%
Total 240 60 180 100%

4.3 Prompt Engineering and API Interface

The signalized prompt directed the Gemini vision model to
analyze each Images for: uniformity and density of the bean’s
internal structure; Irregular voids, tunnels, or channels
indicative of insert activity; region of markedly reduced
density suggesting hollow formation; and asymmetric
structure patterns inconsistent with healthy bean morphology.
The model was instructed to return findings as structured
JSON containing ‘classification’, ‘confidence’, ‘defect-

description’, and ‘quality-recommendation’, fields, Which

the application parsed and rendered directly.

4.4  Experimental Testing Procedure

Each test image was independentlyuploaded through the web
interface, processed by the Gemini vision API, and the
resulting classification was compared against the expert
ground truth label. Three independent runs were performed
per image to assess response consistency, with cross-run
discrepances recorded as uncertainty indicators. System
latency was measured from image submission to result
display, and resource utilization was monitored during batch

processing sessions.
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5. Results And Analysis

5.1 classification performance

The system achieved an overall classification accuracy of
88.3% across the 60-image test set. Healthy beans were
correctly identified in 92% of cases, insect-damaged beans
in 85%, and hollow beans in 86.7%. The most common
misclassification pattern involved borderline insect-
damaged beans labeled as ‘Uncertain’ by the Gemini model
in approximately 10% of cases-particularly when only early-
stage tunneling was visible. Critically, no healthy bean was
misclassified as severely defective across any test run, which
is economically significant since false rejection of

marketable product carries direct financial cost.

5.2  Qualitative Output Analysis

Defect description generated by the Gemini Vision API
were evaluated by the domain expert and rated as accurate,
partially accurate, or inaccurate. Across all 60 test images,
78.3% of description were rated fully accurate, 16.7%
partially accurate (correct classification with some

inaccurate structural detail), and 5% inaccurate. Expert
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feedback noted strong performance in identifying large
hollow voids and prominent insect tunnels, with occasional
difficulty distinguishing natural density gradient in healthy
beans from early-stage defect indicators.

5.3  System Performance Metrics
Mean end=to=end latency from image upload to result

display was measured at 3.2 seconds per image under
standard network condition. In batch testing with 10
concurrent submission, average response time increased to

4.7 seconds per image-still within acceptable bounds for real-
time inspection line integration. The JSON parsing module
successfully extracted structured fields from all 180 API
response (60 image * 3 runs) with zero parsing failures,
confirming the robustness of the structured output format

enforced through prompt engineering.

5.4 Representative Detection Examples

In one representative case, an insect-damaged bean yielded an
Al assessment classifying it as ‘Insect- Damaged’ with 91%
confidence. The model described a cylindrical tunnel
approximately 2 mm in diameter traversing the central
endosperm from the bean’s apex toward its lateral face, and
recommended quarantining the sample while inspection
adjacent beans in the batch. In another case, a hollow bean
was correctly identified with 87% confidence; the model
described a central void occupying approximately 40% of
the bean’s projected internal volume and recommended
rejection from premium-grade lots. These examples
illustrate the system’s capacity to provide actionable,
interpretable  output well beyond simple Dbinary

classification.

6. Discussion

6.1 Advantages of the AI-Based Approach
The system described here offers several clear advantages

over ftraditional manual inspection methods. Most
importantly, it can detect internal defects that are
fundamentally invisible to the naked eye- addressing the
core limitation of current industrial practice. X-ray imaging
captures both surface and subsurface structural features,
while Gemini’s multimodal reasoning interprets complex
density pattens and spatial relationship in way that would be

time-consuming and highly subjective for human inspectors.

The system also generates structured, machine-readable

outputs that can be integrated into qualitymanagement

information systems, supporting traceability, batch-level
statistical analysis, and automated sorting. Its web-based
deployment requires no specialized hardware beyond an X-
ray unit and a network-connected device, substantially
lowering the barrier to adoption. Finally, the natural
language defect descriptions provide transparent, auditable
rationales for each classification decision, which supports

operator confidence in the system’s outputs.
6.2 Comparison with Manual Inspection

Manual inspection of coffee beans typically achieves
classification accuracy of 70-85% for external defects but is
essentially incapable of detecting internal damage without
destructive sampling. Trained inspectors examining beans
under X-ray illumination can achieve higher accuracy, but at
throughput rates substantially lower than automated systems,
and with inter-rater variability that introduces inconsistency.
The proposed system’s 88.3% compares favorably with
manual X-ray inspection benchmarks, and it operates at
consistent throughput without fatigue-related degradation---
representing a meaningful advancement in inspection

reliability.
6.3 Limitations of the Current System

Despite its demonstrated effectiveness, several limitations
remain. Reliance on a general-purpose multimodal model
introduces response variability for borderline or early-stage
defects where visual evidence is ambiguous. System
performance is contingent on X- ray image quality; poorly
exposed or motion-blurred images degrade classification
reliability. The evaluation dataset, while carefully curated,
remains relatively modest and may not fully capture the
morphological diversity of defects across different coffee
varieties and growing regions. Additionally, the system
currently processes individual images rather than performing
simultaneous multi-bean analysis from a single X-ray frame,
which constraints throughput in high-volume processing

scenarios.
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7. Conclusion And Future Work
7.1 Conclusion

This research demonstrates the feasibility and practical
effectiveness of an Al-powered pipeline for automated
detection of insect damage and hollow defects in coffee
beans through X-ray image analysis. By integrating Google
Gemini’s multimodal vision capabilities with a next.js web
application, the proposed system delivers accurate,
interpretable, and real-time quality assessments that directly
address the critical limitation of surface- only inspection
methods. The system achieved 88.3% overall classification
accuracy, provided domain-expert- validated defect
descriptions in over 78% of cases, and maintained sub-four-
second processing latency per image confirming its practical

viability for agricultural quality control deployment.

The work contributes a replicable, modular inspection
pipeline that can be adapted to other agricultural
commodities facing similar internal defect challenges,
including grains, nuts, and dried fruits. Its structured output
framework and web-based accessibility further distinguish it
from laboratory-scale imaging solutions, positioning it as a
practical tool for small and medium scale coffee producers

and cooperatives.
7.2 Future Work

Several directions remain open for further investigation.
Replacing the current general- purpose vision model with a
fine-tuned deep learning architecture trained on large,
annotated coffee bean X-ray datasets would likely push
classification accuracy beyond the 88.3% threshold and
reduce uncertain predictions, particularly for early-stage
defects where visual evidence is subtle. Processing speed is
another area requiring attention. Building multi-bean frame
analysis capability would allow simultaneous evaluation of
entire batch samples captured in a single X-ray exposure,
making the system far more viable for high-volume
commercial operations. Combining X-ray inputs with
spectral imaging data presents a promising avenue as well.
While radiographic scans reveal internal structural features,
spectral data captures chemical composition-together, these
modalities could identify defects that neither technique

reliably flags independently.

The three-class taxonomy currently in use-healthy, insect-
damaged, and hollow-does not account for immature beans,
fermentation damage, or moisture-induced deterioration.
Broadening this classification scheme would substantially
extend the system’s utility across the full spectrum of
grading criteria relevant to producers and exporters.

Finally, longitudinal evaluation across diverse coffee
varieties, geographic origins, and post- harvest processing
methods would test how well the pipeline generalizes
beyond the current dataset and lay the groundwork for
establishing standardized benchmarks in AI- driven

agricultural inspection.
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