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Abstract

The manual classification of olives in the agri-food industry is a slow and costly process with high variability, affecting product
quality and efficiency. This study presented an automated sorting system integrating machine vision, image processing, and
real-time control to improve classification accuracy and speed. The prototype included a conveyor belt controlled by a Raspberry
Pi 5, an ESP32-CAM with an OV2640 camera for image capture, a servomotor for defective olive ejection, and an LCD for
monitoring parameters. The model was trained using 300 olive images expanded to 1800 samples through data augmentation
techniques such as rotations, brightness variations, and translations, improving supervised learning robustness and defect
detection reliability. The synchronized ejection mechanism automatically removed non-compliant olives through Raspberry Pi
GPIO control. Experimental results showed an average processing time of 10 ms per olive. The system achieved 99.17%
precision, 98.83% sensitivity, 99.05% accuracy, and an F1-Score of 89.99%, demonstrating strong classification performance.
This proposal optimizes post-harvest processes and provides a scalable solution for agricultural classification systems applicable

to different crops.
1 Introduction

In the agri-food industry, quality control remains a critical
challenge, particularly in the classification of products such as
olives, where manual sorting introduces subjectivity that
generates economic  losses that negatively affect
competitiveness. At an international level, several studies have
demonstrated that automating this process leads to significant
improvements. For instance, the application of artificial
intelligence algorithms supported by RGB images enables
simultaneous and proactive fruit selection based on oil-
quality-related characteristics [1], while other approaches
employ hyperspectral imaging to identify olives with high
precision attributes [2].

Recent research has focused on lightweight deep learning
architectures for olive sorting, showing notable improvements
in accuracy and processing speed compared to conventional
methods [3]. Additionally, RGB-based classification
prototypes have demonstrated the feasibility of automated fruit
selection by linking visual analysis with chemical and sensory
quality parameters, helping overcome system limitations and
improve competitiveness [4].

Early fruit classification systems in agribusiness relied on
conventional RGB imaging, achieving limited accuracy,
particularly for black olives, which highlighted the constraints
of image-only approaches [5]. To overcome these limitations,
hybrid methods integrating sensors such as NIR with partial
least squares regression (PLSR) achieved accuracies between
99.47% and 99.62% [6]. More recently, machine learning and

deep learning techniques have demonstrated superior
performance, reaching 99.6% accuracy with YOLOvS for fruit
sorting and up to 99.8% in olive detection, 93.5% in ripeness
classification, and 78% in defect detection using Mask R-
CNN-based systems [7].

2. Literature Review

Regarding the literature review, A structured literature review
was conducted using the Web of Science and Mendeley
databases, focusing on high-quality Q1 and Q2 publications
from the last three years. Keywords related to computer vision
algorithms, optical sensors, software, and hardware were used
to identify relevant studies addressing efficiency limitations in
post-harvest olive classification system.

2.1 Machine vision algorithms

Currently, computer vision algorithms represent one of the
most relevant advances in the automation of sorting processes
in agribusiness, as they enable the transformation of traditional,
manual and subjective activities into digitized, reproducible,
and scalable procedures. In this context, Ortenzi et al.
demonstrated that rapid artificial vision based methods allow
the objective determination of olive ripeness levels,[8].

2.2 Optical sensors

Advances in algorithms have been complemented by
innovations in optical sensors, which serve as the main data
source for computer vision systems. Conventional RGB
cameras have been widely used to correlate fruit surface color



with internal quality parameters, showing strong agreement
with laboratory analyses [9]. However, the incorporation of
advanced technologies such as NIR and hyperspectral sensors
has expanded analytical capabilities by enabling the detection
of non-visible attributes, including chemical composition and
contaminants [10], [11].

2.3 Hardware

For the inspection of small fruits on conveyor belts, image
quality depends primarily on controlled lighting and
synchronization between image acquisition and conveyor
motion, rather than on increasing camera resolution without
proper optical design [12]. A systematic review published in
Sensors reports that RGB cameras are used in 84% of
inspection systems, emphasizing the relevance of lighting
solutions such as ring, dome, or backlighting [12].
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3. Methodology

3.1 Foundation

The proposed solution employs a three-layer architecture
integrating computer vision, machine learning, and embedded
control for automated olive sorting. As shown in Fig. 1, the
system comprises optical acquisition, intelligent processing,
and mechanical ejection control, ensuring a continuous and
synchronized identification process.

The intelligent processing layer, implemented using the
OpenCV library, extracts morphological and chromatic
features such as texture, size, and color to train a model that
classifies olives into ripe and overripe categories. This
algorithmic approach enables objective and reproducible
evaluation while reducing human error in operations [13].

3.2 Proposed model

The proposed model is an automated olive classification
system based on computer vision using low-cost hardware and
open-source software. A  Python—OpenCV algorithm
processes images captured by an ESP32 camera on a conveyor
system to classify olives as ripe or overripe. Using a dataset
expanded from 300 to 1,800 images, the system achieved an
average accuracy of 96.8% with a processing time of 35-40
ms per fruit.

3.3 Performance metrics

To evaluate the effectiveness of the proposed model,
performance was quantified using confusion matrix metrics:
True Positives (TP), False Positives (FP), False Negatives
(FN), and True Negatives (TN). TP and TN represent correct
classifications of positive and negative cases, respectively,
while FP corresponds to negative cases incorrectly classified
as positive, and FN to positive cases not detected by the system.

According to [24], Precision measures the ability of the model
to correctly identify positive instances by minimizing FP,
while Sensitivity evaluates its capacity to detect all positive
cases by reducing FN.

Those following metrics are defined as follows:

Precision: Precision evaluates the model's ability to correctly
recognize positive instances, minimizing the occurrence of
false positives.

TP

TP+FP o)
Recall: Evaluate how effective the model is at detecting all

positive occurrences, thereby reducing the number of false
negatives

e Precision =

TP
TP+FN (2)
Accuracy: The percentage of correctly classified cases is

known as accuracy and represents a fundamental indicator for
measuring model performance.

e Recall =

TP+TN 3
TP+TN+FP+FN ®3)
F1-Score: The F1-Score provides a single value that allows

you to evaluate a model's performance by balancing accuracy
and sensitivity.

e Accuracy =

2+Precision * Recall
° F1 —Score =————

Precision+Recall (4)
Together, these indicators will facilitate an accurate
assessment of the performance of the proposed model,
strengthening internal control mechanisms on quality and

continuous improvement.

4. Results

To validate the research, the accuracy, consistency, and
verifiability of the results are ensured through the correct
application of the proposed improvement model. The
validation process describes the operational context, the
implementation phases, and the updating of indicator values
used to assess model performance.

4.1 Prototype development

A single-phase automated system for olive classification based
on preservation state was developed and validated through
prototype implementation. A scaled prototype incorporating
infrared (IR) sensors was constructed and experimentally
tested under controlled conditions to evaluate classification
accuracy, system performance, and electronic response
efficiency should be embedded within the text at the



appropriate point. A maximum of four subfigures is allowed
per figure.
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4.2 Model indicators
Prior to experimental validation, the proposed model was
compared with classification algorithms reported in the

literature to identify the approach that provides the best
balance between precision and sensitivity.

Table 1 Default Parameters

response time (41.2 ms) compared to YOLOv8-small, which
operates within a 10-12 ms range. Therefore, a comparative
evaluation was based on optimized training epochs. The
proposed model produced a confusion matrix with TP = 147,
FP=1,FN=2, and TN = 150 from 300 experimental samples
[21]. These results were used to compute performance metrics
for the comparison of the evaluated models.

Table 2 Optimal Outcomes for YOLOnanov§

Epochs Mean Mean Mean Mean F1-
Precision  Recall Accuracy Score

25 91.39% 96.50% 95.10% 93.88%

50 94.65% 98.37% 97.61% 96.47%

75 95.86% 97.20% 97.66% 96.53%

100 96.33% 97.20% 97.81% 96.76%

Table 3 Optimal Outcomes for K-Nearest Neighbours

Epochs Mean Mean Mean Mean
Precision  Recall Accuracy  F1-Score
25 92.45% 97.56%  96.30% 94.94%
50 95.53% 98.95%  97.90% 97.21%
75 97.56% 98.84%  98.46% 98.20%
100 99.17% 98.83%  99.05% 89.99%

Model Precision  Sensibility Exactitude F1-
Score

K-Nearest 86.05%  93.57% 92.89% 89.65%

Neighbors

YOLOvS  83.85 93.47% 91.88% 88.31%

Nano

YOLOvVS  85.06%  94.64% 92.79% 89.49%

Smal

YOLOvS 97.70%  96.10% - 96.89%

Smal

Based on the obtained results, the proposed model achieved
the highest performance, followed by YOLOvS5-small.
However, YOLOvS-small was discarded due to its higher

As shown in Tables II and 11, the proposed model is compared
with YOLOvVS8-nano, with both models trained and optimized
over multiple epochs to ensure convergence and result stability.
Overall, the developed system outperformed YOLOvVS8-nano
across all evaluated metrics [22]. The proposed model
achieved a Precision of 99.17%, exceeding YOLOv8-nano by
2.84%, and a Recall of 98.83%, representing a 1.63%
improvement. In terms of Accuracy, the system reached
99.05%, compared to 97.81% for YOLOvVS8-nano, indicating
greater classification consistency. Finally, the F1-score
reached 89.99%, surpassing YOLOv8-nano by 3.23%,
confirming the overall effectiveness of the proposed approach.

The olive classification system was evaluated under controlled
conditions simulating a post-harvest sorting line, processing
300 olives equally distributed between ripe and overripe
classes. The system achieved a Precision of 99.17%,
Sensitivity of 98.83%, Accuracy of 99.05%, and an F1-score
of 98.99%, demonstrating robust performance under
chromatic and morphological variability and outperforming
conventional RGB-based systems [23].

Performance tests reported an average processing time of 10
ms per image (6 = 1.4 ms), confirming the feasibility of real-
time inference using the ESP32-CAM in low-cost



environments [24]. Maximum power consumption during
active inference was 1.8 W, lower than Raspberry Pi 4 and
Jetson Nano—-based systems, in line with previous findings
[25]. Compared to YOLOv8 and MobileNet-V3 models,
which report accuracy between 95% and 98% but require
higher computational resources [26], the proposed system
prioritizes efficiency and accessibility [27].

5. Conclusion

The OpenCV-based model developed using supervised
learning achieved an average response time of 10 ms, ensuring
photometric stability and reliable real-time processing. The
integration of RGB segmentation, synchronized control, and
stabilized lighting enabled consistent and reproducible
ripeness detection. Although deep learning models such as
YOLOVS can achieve higher accuracy, the results demonstrate
that classical machine learning approaches implemented with
OpenCV provide competitive performance with significantly
lower computational requirements. This enables the
deployment of efficient, sustainable, and replicable
agricultural classification systems, particularly in resource-
constrained environments.
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