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Highlights

What are the main findings?

* A hybrid machine vision framework explicitly decouples geometric stem measurements
from visual foliage quality classification for Ruscus hypophyllum.

* The pixel-based geometric estimation stage achieves a Mean Absolute Error (MAE) of
1.2 mm and a 99.84% size categorization accuracy.

* Out of 24 classifier configurations evaluated, the Linear Support Vector Machine (SVM)
achieves the best performance with an accuracy of 92.4%.

What are the implications of the main findings?

e Provides an interpretable, computationally efficient, and non-destructive inspection
solution suitable for automated foliage grading systems.

e Offers an accessible technology to optimize quality control and sorting efficiency in
export-oriented ornamental horticulture industries.

Abstract

This paper presents a hybrid computer vision framework that explicitly decouples ge-
ometric stem measurement from visual foliage condition classification for automated
post-harvest quality assessment of Ruscus hypophyllum ornamental foliage. The proposed
approach addresses a gap in the literature where heterogeneous quality attributes are
typically treated within a single unified learning framework. In the first stage, stem size is
estimated using a pixel-based geometric method that incorporates trigonometric orienta-
tion correction and spatial calibration via a reference marker of known length, enabling
accurate conversion of image measurements to real-world physical dimensions. In the
second stage, foliage condition is classified as good or poor using supervised machine
learning models trained on Bag of Features representations extracted with the SIFT descrip-
tor. A dataset of 1233 Ruscus hypophyllum images was acquired under controlled conditions
using a consumer-grade smartphone camera and processed using open-source Python 3.11
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libraries. Twenty-four classifier configurations across six model families were evaluated
using stratified 10-fold cross-validation. The geometric estimation stage achieved a Mean
Absolute Error (MAE) of 1.2 mm, a Root Mean Square Error (RMSE) of approximately
1.3 mm, and a size categorization accuracy of 99.84%. For foliage condition classification,
the Linear Support Vector Machine achieved the best performance, with an accuracy of
92.4 +1.0% and an Fl1-score of 91.1 & 1.2%, outperforming all other evaluated configura-
tions. The proposed framework provides an interpretable, computationally efficient, and
accessible solution for automated foliage quality grading, with potential applications in
export-oriented ornamental foliage processing facilities.

Keywords: post-harvest quality assessment; ornamental foliage; Ruscus hypophyllum;
machine vision; intelligent inspection; geometric measurement; SIFT descriptor; Support
Vector Machine

1. Introduction

Agricultural production and the export of ornamental plants represent an important
economic sector in several countries, including Ecuador. The global ornamental horticulture
industry—encompassing cut flowers, potted plants, and cut foliage—currently generates
more than USD 130 billion annually, involving more than 90 countries worldwide [1].
Within this context, Ecuador has consolidated its position as one of the leading exporters of
ornamental plants and cut flowers at the international level, with floriculture constituting
one of the most dynamic areas of its national economy in terms of export value and
rural employment generation [2]. Among commercially relevant ornamental species,
Ruscus hypophyllum has gained increasing importance in international floral markets due
to its durability, aesthetic characteristics, and suitability for floral arrangements [3]. The
ornamental horticulture sector is highly competitive, driven by continuous advances in
infrastructure availability, variety development, and post-harvest handling technologies [4].
In post-harvest processing chains, product quality cannot be improved after harvest but
only preserved, making consistent and reliable quality assessment a critical factor for
competitiveness in global markets [1].

The post-harvest handling of ornamental foliage typically involves several stages,
including harvesting, selection, classification, and packaging. In many production sys-
tems, these processes are still carried out manually by trained workers who evaluate
visual characteristics such as stem length, leaf distribution, and overall plant condition.
However, manual inspection presents well-documented limitations in agricultural quality
control contexts: it is inherently subjective, prone to inter-operator variability, and inef-
ficient for large-scale production environments [5,6]. In particular, visual assessments
performed by different operators on the same batch of products have been shown to yield
inconsistent results, compromising the reliability of quality grading [7]. Furthermore, the
physical demands of repetitive manual inspection reduce throughput and increase the
risk of error [6]. These limitations are especially critical in export-oriented post-harvest
chains, where strict and consistent quality standards must be met to satisfy international
market requirements [3]. These limitations motivate the development of automated vision-
based inspection systems capable of providing objective, repeatable, and scalable quality
assessments in post-harvest processing environments.

Recent advances in computer vision and machine learning have enabled the devel-
opment of automated inspection systems across a wide range of agricultural applications,
including fruit grading, plant disease detection, and crop monitoring [6,8-10]. These sys-
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tems typically rely on image-based feature extraction combined with supervised learning
models to classify agricultural products according to predefined quality criteria [5,7].

Within the specific domain of ornamental plant inspection, computer vision techniques
have been applied to the classification and grading of cut flowers. A hybrid vision-based ap-
proach for the identification of Anthurium flower cultivars was proposed in [11], combining
geometric feature extraction with machine learning classifiers and achieving classification
accuracies above 99%. More recently, image-based deep learning methods have been
explored for quality grading of cut flowers based on maturity status, demonstrating the
feasibility of automated ornamental grading under controlled acquisition conditions [12].
Automated trait estimation in ornamental floriculture has also been investigated using
convolutional neural networks, yielding accuracies between 35% and 99% depending on
the trait evaluated [13]. However, these studies focus primarily on flower-type ornamentals
and do not address the specific challenges associated with cut foliage species such as Ruscus
hypophyllum, where both stem morphology and foliar condition must be jointly assessed.

Regarding the geometric measurement of plant traits, image-based methods have
been successfully applied to non-destructive estimation of morphological parameters such
as stem length, plant height, and leaf area [14,15]. These approaches typically rely on
spatial calibration using reference markers and scale factors to convert pixel measurements
into real-world dimensions, as reviewed in the context of precision agriculture and plant
phenotyping [16,17]. Despite their demonstrated effectiveness, such geometric methods
have not been systematically combined with visual quality classification for post-harvest
foliage assessment, representing a gap that the present work seeks to address.

Table 1 summarizes representative studies on vision-based quality assessment of orna-
mental plants, highlighting the species, attributes evaluated, methodological approach, and
reported accuracy. As shown, existing work focuses primarily on flower-type ornamentals
and does not simultaneously address geometric and visual quality attributes in cut foliage
species such as Ruscus hypophyllum.

Table 1. Representative studies on vision-based quality assessment of ornamental plants and
related species.

Study Species Attributes Method Accuracy

Solen.na?mpour & Anthurium Cultivar identification Geometric + ML >99%

Chegini [11]

Lietal. [12] Cut flowers Maturity /quality grading CNN (4D deep learning) N/R

Afonso et al. [13] Orn.amental Mgltlple morphological CNN 35999
floriculture traits

Franco et al. [18] Pastures Biophysical parameters Hybrid ML + CV 85-90%

This work Ruscus hypophylium Stem size and foliar Decoupled geometric + 99.84% + 92.4%

condition BoF/SVM

Classical machine learning models—including Support Vector Machines, Decision
Trees, Naive Bayes, and k-Nearest Neighbors—remain competitive and widely used in
image classification tasks that involve structured feature representations under limited data
conditions [19,20]. In particular, the Bag of Features framework combined with local de-
scriptors such as SIFT has demonstrated robust performance in plant-related classification
tasks where deep learning approaches may be constrained by dataset size [21,22]. These
characteristics make classical models particularly suitable for the controlled acquisition
scenario addressed in this work.

Beyond data volume considerations, the interpretability, algorithmic stability, and
lightweight deployment profile of classical machine learning pipelines constitute inde-
pendent motivations for their adoption in resource-constrained agricultural inspection
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environments, where fault traceability, reproducibility of grading outcomes, and low main-
tenance overhead are critical operational requirements [3,6].

Despite these advances, most existing approaches treat quality assessment as a unified
classification task, in which all attributes of interest are learned simultaneously by the
model [8,11]. In the case of ornamental foliage such as Ruscus hypophyllum, however,
quality assessment involves two fundamentally different types of attributes: measurable
physical properties—such as stem length—that can be precisely estimated using geometric
image analysis, and visual attributes—such as leaf density, color uniformity, and foliar
damage—that require learning-based classification. Treating these heterogeneous attributes
within a single unified framework introduces unnecessary complexity in three specific
dimensions: it increases the amount of labeled training data required to jointly learn
geometric and visual patterns, reduces model interpretability by conflating deterministic
and statistical processes within a single learned representation, and obscures the availability
of deterministic geometric methods that are both more accurate and more transparent than
learned models for measurable physical traits [15,18].

To address this gap, this paper proposes a two-stage hybrid computer vision frame-
work for the automated quality assessment of Ruscus hypophyllum foliage. In the first stage,
stem size is estimated using a geometric pixel-based method that incorporates trigonomet-
ric orientation correction and spatial calibration via a reference marker, enabling accurate
conversion of image measurements to real-world dimensions [16,17]. In the second stage,
foliage condition is classified as good or poor using supervised machine learning mod-
els trained on Bag of Features representations extracted with the SIFT descriptor [23,24].
By decoupling these two tasks, the proposed system achieves both high measurement
accuracy and interpretable quality classification without requiring a unified end-to-end
learning model.

The main contributions of this work are as follows:

* A hybrid two-stage framework that explicitly decouples geometric stem measurement
from visual foliage condition classification, improving system interpretability and
reducing model complexity compared to unified classification approaches.

* A pixel-based stem size estimation method incorporating trigonometric orienta-
tion correction and reference-marker spatial calibration, enabling accurate conver-
sion of pixel measurements to real-world physical dimensions under controlled
acquisition conditions.

* A systematic comparative evaluation of classical supervised machine learning classi-
fiers on Bag of Features representations, providing evidence-based guidance on model
selection for structured visual feature spaces in agricultural inspection tasks.

*  An experimental validation on a curated dataset of 1233 Ruscus hypophyllum images
acquired under controlled post-harvest conditions, demonstrating the practical appli-
cability of the proposed system in real agricultural processing environments.

The remainder of this paper is organized as follows. Section 2 describes the proposed
methodology and the image acquisition process. Section 3 presents the experimental results
for both the geometric estimation and classification stages. Section 4 discusses the obtained
results, their implications, and the limitations of the proposed approach. Finally, Section 5
presents the conclusions and future research directions.

2. Materials and Methods

The proposed system follows a hybrid approach that combines geometric analysis and
machine learning for the automated evaluation of Ruscus hypophyllum foliage. The overall
pipeline consists of four main stages: (i) image acquisition under controlled conditions,
(ii) image preprocessing and segmentation, (iii) stem size estimation using a geometric
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pixel-based method, and (iv) binary classification of foliage condition (good vs. poor)
using supervised machine learning models based on Bag of Features representations [23].
Stages (i) and (ii) are shared by both downstream tasks, while stages (iii) and (iv) operate
independently on the preprocessed output, allowing each attribute to be assessed using the
most appropriate method for its nature. The overall architecture of the proposed system is
illustrated in Figure 1.

Input Image

/

Preprocessing & Segmentation

N

Geometric Estimation BoF + ML Classifier

Stem Size Category Good / Poor

Figure 1. Architecture of the hybrid framework for Ruscus hypophyllum quality assessment, compris-
ing a preprocessing stage followed by parallel geometric and BoF classification branches.

2.1. Image Acquisition

The image dataset was obtained through a controlled acquisition process designed to
ensure consistent lighting, scale, and background conditions across all samples. Images of
Ruscus hypophyllum foliage were captured using a Xiaomi Redmi Note 10 Pro smartphone
(Xiaomi Corporation, Beijing, China) equipped with a Samsung ISOCELL HM2 image sen-
sor (Samsung Electronics Co., Ltd., Suwon-si, Gyeonggi-do, Republic of Korea) (maximum
resolution: 108 MP), operated through the Open Camera application (v1.53, Android) [25],
which allows user-defined output resolutions. The camera was configured to a custom
resolution of 3500 x 1300 pixels, selected to cover the full length of the foliage sample and
the reference marker within a single frame while maintaining adequate spatial detail for
both geometric measurement and visual feature extraction.

Plant samples were placed horizontally on a flat white surface, with the camera
mounted at a fixed distance ranging from 40 to 50 cm above the scene. A reference marker of
known physical length was included within the field of view of each image to enable spatial
calibration, compensating for any residual variation in the camera-to-sample distance
across acquisitions [26]. To improve image quality and minimize shadow formation, the
acquisition setup included two white LED lamps of 9 W each, providing approximately
800 lumens per lamp, arranged symmetrically on both sides of the acquisition surface to
ensure uniform illumination across all captured samples. Additionally, a white background
was used to facilitate the subsequent segmentation of the foliage from the background
during image preprocessing.

A total of 1500 images were initially captured. A subsequent manual quality inspection
was performed to remove images exhibiting motion blur, partial occlusion of the sample, or
incomplete visibility of the reference marker. Following this filtering process, 1233 images
were retained to constitute the final dataset used in all experiments.
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2.2. Dataset Description

The dataset used in this study comprises 1233 images of Ruscus hypophyllum foliage
acquired during the post-harvest processing stage under the controlled conditions described
in Section 2.1. Each image was annotated with respect to two independent attributes: stem
size and foliage condition.

Stem size was categorized into three classes—small, medium, and large—based on
the physical length of the main stem, as determined by manual measurement using a
reference ruler. The length thresholds defining each category were established according to
commercial post-harvest grading standards applied in the production facility [3]: stems up
to 25 cm were classified as small, stems between 25 cm and 35 cm as medium, and stems
between 35 cm and 45 cm as large.

Foliage condition was defined as a binary attribute—good or poor—based on visual
inspection criteria. Samples were labeled as good when they exhibited uniform leaf distri-
bution, adequate leaf density, and absence of visible damage such as yellowing, mechanical
injury, or pathological symptoms. Samples were labeled as poor when one or more of
these criteria were not met. Labeling was performed independently by two post-harvest
workers with more than five years of experience in the classification of Ruscus hypophyllum
foliage at the production facility. Both annotators applied the same visual criteria defined
above to assign each sample to the good or poor condition class. Inter-annotator agreement
was high, with disagreements occurring in only 5 out of 1233 cases (0.4%). In these cases,
the final label was determined by consultation with the facility’s senior agronomist, who
served as the arbiter. This three-tier annotation protocol ensured consistent and traceable
ground truth labels across the full dataset.

Although six combinations of size and condition can theoretically be defined, the two
attributes were treated as independent tasks in the proposed framework: stem size was
estimated using the geometric method described in Section 2.4, while foliage condition was
classified using the machine learning models described in Section 2.6. The distribution of
images across both attributes is summarized in Table 2.

Table 2. Dataset distribution by stem size and foliage condition.

Length Range

Size Class (cm) Images Condition Images
Small 1 <25 407 Good 525
Medium 25 <1<35 413 Poor 708
Large 35 <1<45 413 — —
Total — 1233  Total 1233

The dataset presents a moderate class imbalance in the condition attribute, with
525 good samples (42.6%) and 708 poor samples (57.4%). This imbalance is representative
of real post-harvest processing conditions and is addressed during model evaluation
through stratified sampling, as described in Section 2.7. The dataset size is consistent
with previous studies applying classical machine learning models to structured visual
feature representations [19,21], where datasets of similar scale have demonstrated sufficient
statistical power for reliable model comparison.

2.3. Image Preprocessing

Prior to feature extraction, all images were subjected to a four-stage preprocessing
pipeline designed to improve visual quality, reduce illumination variability, and isolate
the foliage region from the background. The entire preprocessing pipeline was imple-
mented in Python 3.11 (Python Software Foundation, Wilmington, DE, USA) using the
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scikit-image (version 1.5.2) and OpenCV (version 4.10.0), executed in Google Co-
laboratory (Google LLC, Mountain View, CA, USA). libraries [27,28]. The pipeline consists
of the following stages: resizing, color space conversion, background segmentation, and
image enhancement, as illustrated in Figure 2.

Stage 1—Resizing and normalization. Each image was resized so that the full length
of the foliage stem was contained within the image frame, ensuring that no relevant mor-
phological information was lost during subsequent processing. No fixed target resolution
was imposed, as stem length varies across samples; instead, the resizing factor was deter-
mined individually per image to preserve the aspect ratio and guarantee complete stem
coverage. Following resizing, intensity normalization was applied to reduce inter-image
variability caused by minor illumination differences across acquisition sessions. Intensity
normalization is a standard preprocessing step for reducing inter-image illumination vari-
ability in agricultural vision systems, where consistent feature representations are critical
for reliable classifier performance [15,16].

Stage 2—Color space conversion. Each resized image was converted from the
RGB color space to grayscale using a standard luminance-weighted transformation. The
grayscale representation was used as the primary input for the subsequent segmentation
stage. Additionally, opponent color channels—green-red and blue-yellow—were com-
puted from the original RGB image to support visual inspection and qualitative analysis of
foliage chromatic characteristics, including the detection of yellowing and color anomalies
associated with poor foliage condition. Grayscale conversion reduces computational com-
plexity while preserving the structural and textural information required for subsequent
segmentation and local feature extraction [21].

Stage 3—Background segmentation. Background removal was performed on the
grayscale image using Otsu’s global thresholding method [29], which automatically de-
termines an optimal intensity threshold by minimizing the intra-class variance between
foreground and background pixels. Given the controlled white background used dur-
ing image acquisition, this method produced reliable binary masks across all samples.
The resulting binary mask was applied to isolate the Ruscus hypophyllum foliage from the
background in subsequent processing stages, using the threshold_otsu function from the
scikit-image library (version 1.5.2) [27]. Otsu’s thresholding has been widely validated
as an effective and parameter-free background removal method in plant image analysis
tasks, producing reliable binary masks under controlled white-background acquisition
conditions [15,29].

Stage 4—Image enhancement and filtering. To improve the discriminability of lo-
cal visual features in the segmented foliage region, contrast enhancement was applied
using Contrast Limited Adaptive Histogram Equalization (CLAHE) [30], implemented
via the createCLAHE function from the OpenCV library (version 4.10.0) [28]. CLAHE oper-
ates on local image tiles rather than the entire image, enhancing contrast in each region
independently while limiting noise amplification in homogeneous areas [30]. Following
contrast enhancement, a Gaussian filter was applied using cv2.GaussianBlur to reduce
high-frequency noise introduced during acquisition and contrast processing, producing a
smoothed image suitable for both geometric analysis and local feature extraction. CLAHE
has been shown to improve local feature discriminability in plant image classification tasks
by enhancing contrast in regions with subtle visual differences [21,30], while Gaussian
filtering reduces high-frequency noise that would otherwise interfere with stable keypoint
detection in SIFT-based feature extraction pipelines [24]. This enhancement stage was
applied uniformly to the output fed into both the geometric estimation branch and the Bag
of Features classification branch of the proposed framework.

https://doi.org/10.3390 /horticulturae12080935


https://doi.org/10.3390/horticulturae12080935

Horticulturae 2026, 12, 935 8 of 25

1. Image Acquisition & 2. Color Space Conversion 3. Background 4. Image Enhancement
Preprocessing Segmentation & Flltering

24 Gray scale _
% (s ‘—“ d’#‘_‘ 47 Contrast Enhancement
\ - h T — (CLAHE)

1A Resize . ]
1B. Normalization 2B. Green-red channel 3A. Otsu's Thresholding
= =V N
Ly

4B. Gaussian Filter
3B. Blue-yellow channel

" !I Flnal Processed Image ‘

L Anomalous Anomaly-free
Input Branch
(High Quality)

Figure 2. Image preprocessing pipeline applied to Ruscus hypophyllum foliage images. The pipeline
consists of four stages: (1) resizing and normalization, (2) color space conversion to grayscale and
opponent color channels, (3) background segmentation using Otsu’s thresholding, and (4) image
enhancement using CLAHE and Gaussian filtering. The output is used as input to both the geometric
estimation and the Bag of Features classification branches.

2.4. Stem Size Estimation

Stem size estimation is performed using a geometric multi-stage image processing
approach implemented entirely in Python 3.11 using the OpenCV library (version 4.10.0) [28].
By leveraging the controlled acquisition environment, the proposed method enables the
conversion of pixel-level measurements into real-world physical dimensions (mm) without
relying on machine learning models, following approaches based on geometric calibration
and image-based measurement reported in recent agricultural vision systems [16]. The
complete pipeline for stem size estimation is illustrated in Figure 3.

1. Image Adquisition & 2. Bounding Boxes
Preprocessing detection 4. Stem Measurement and

3. Tilt correction Calibration
1. Normalization '\W | -
| = = %
e W b (o 2A. Plant detection l*‘-mﬁ
. mu —
RN s ———
—

2B. Reference detection 8=-2.3° Length=40.41 cm

Input Branch

2. G Filt
(High Quality) aussian Filter

3. Otsu's Thresholding

Figure 3. Pipeline for stem size estimation based on geometric processing and spatial calibration. The
workflow includes bounding box detection (red frame, delimiting the detected plant region), reference
marker identification, orientation correction, and pixel-to-millimeter conversion.for stem size estima-
tion based on geometric processing and spatial calibration. The workflow includes bounding box
detection, reference marker identification, orientation correction, and pixel-to-millimeter conversion.

2.4.1. Reference Marker Detection

A physical reference marker of known length was included within the field of view
of each image during acquisition. This marker consists of a straight line segment of fixed
and known physical length, positioned horizontally at 0° with respect to the image frame.
The marker was detected automatically in each image using contour detection via the
cv2.findContours function, followed by blob analysis to identify the marker region based
on its geometric properties, including area, aspect ratio, and compactness [28]. Once
detected, the marker serves two purposes: (i) it defines the reference orientation of the
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coordinate system, since the marker is known to be horizontal (6,.y = 0°), and (ii) it provides

the spatial calibration factor S expressed in pixels per millimeter (pzis ), computed as:
pixels
k
5= po g
marker

where sz;:,iir is the detected length of the marker in pixels and L}, _is its known physical
length in millimeters. This pixel-to-metric conversion approach has been widely applied in

precision agriculture and plant phenotyping systems [16,17].

2.4.2. Stem Detection and Orientation Estimation

The main stem structure is identified from the segmented foliage mask by comparison
with the reference marker pattern. Since the reference marker is a known horizontal line
segment at 0°, the stem region is identified as the primary elongated structure in the
binary mask whose orientation deviates from the reference orientation. The inclination
angle 6 of the stem with respect to the horizontal axis is then estimated by comparing the
stem’s principal axis against the reference marker direction, using contour-based bounding
box analysis via cv2.minAreaRect [28]. This angular information is used to perform a
deskewing operation, compensating for variations in stem inclination and ensuring a
consistent geometric reference frame across all samples.

2.4.3. Trigonometric Length Correction and Size Categorization

After orientation estimation, the stem length is derived from its horizontal projection
obtained from the axis-aligned bounding box. Since the stem may be inclined at angle
6 with respect to the horizontal axis, a trigonometric correction is applied to recover the
true stem length, as commonly used in vision-based measurement systems for inclined
objects [31]. The corrected stem length in pixels is computed as:

dx

dpixels = COS(G) 2)

where d, represents the horizontal projection of the stem length obtained from the bounding
box, and 6 is the inclination angle of the stem with respect to the horizontal axis. The final
stem length in millimeters is obtained by applying the spatial calibration factor S derived
from Equation (1):
dx
Lym = ————=
"8  cos(6) ®)

The estimated stem length L, is subsequently used to assign each sample to one of
three size categories according to the thresholds defined in Table 2: small (L, < 250 mm),
medium (250 < Ly, < 350 mm), and large (350 < Ly, < 450 mm).

2.5. Feature Extraction Using Bag of Features

Visual features were extracted using the Bag of Features (BoF) approach [23], which
remains a competitive representation for image classification tasks under limited data
conditions [22]. Feature extraction plays a critical role in leaf-based classification systems,
where characteristics such as shape, texture, and color are commonly used to discriminate
between plant samples [21]. Local feature points were detected using the Scale-Invariant
Feature Transform (SIFT) detector [24], and descriptors were computed for each keypoint.
SIFT was selected due to its well-established robustness to changes in scale, rotation, and
illumination conditions, as well as its broad validation in plant-related image classification
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tasks [21,24]. The entire feature extraction pipeline was implemented in Python 3.11 using
the OpenCV library (version 4.10.0) [28].

The extracted SIFT descriptors were clustered using the k-means algorithm [32], imple-
mented via sklearn.cluster.KMeans from the scikit-learn library (version 1.5.2) [33],
to construct a visual vocabulary of K = 100 words. The k-means algorithm was run with a
maximum of 300 iterations and a convergence tolerance of 1074, using ten independent
random initializations to reduce sensitivity to the initial centroid placement. To prevent
information leakage from test data into the feature representation, the visual vocabulary
was constructed independently within each cross-validation fold: in each of the 10 folds,
k-means was fitted exclusively on the SIFT descriptors extracted from the training partition
(approximately 1110 images), and the resulting vocabulary was subsequently applied to
encode the BoF histograms of both the training and test subsets for that fold. Test-fold de-
scriptors were never used during vocabulary construction, ensuring unbiased performance
estimates across all folds. The selection of an appropriate vocabulary size is known to
directly influence classification performance in BoF-based systems, with excessively small
vocabularies producing insufficient visual discrimination and excessively large ones intro-
ducing redundancy without accuracy gains [21,23]. The optimal vocabulary size K = 100
was determined through a systematic sensitivity analysis described in Section 3.2.

Each image was then represented as a histogram of visual word occurrences:

H = (Hy, Hy, ..., Hy) (4)

where K = 100 and H; denotes the frequency of occurrence of the i-th visual word in the
image. Prior to classification, the feature vectors were normalized using L2-normalization
to ensure unit-length representations, improving numerical stability and classifier perfor-
mance across models with different sensitivity to feature magnitude [19]. The overall BoF
pipeline is illustrated in Figure 4.

1. Preprocessin isi i
0. Raw Input F;nd 9 2. Computer vision for ruscus quality assessment
Image segmentation 2.1. Local visual feature 2.2. Visual vocabulary
extraction learning
Keans Csterg isalascon ren
3 H, Hayy Hyy
- d . > His| | Ha Hao
\ ) Lt H,,
K means clustering
I
A7

3. Visual vocabulary compilation 4. Classification algorithm GOOD FEcy

Histogram BovW SVM (proyeccién 2D)
.

POOR B =S

.
. 3
o
¢
-75 A I Sy
,,,,,,,,,,, e S P Y J .
-

Figure 4. Bag of Features extraction pipeline. Local SIFT keypoints are detected and described for
each preprocessed image. Descriptors are clustered using k-means to construct a visual vocabulary

of K = 100 words. Each image is represented as a normalized histogram of visual word occurrences,
which serves as the feature vector for the machine learning classifiers. For the 2D projection of the
SVM classifier (Step 4), blue points represent the good quality class, while red points represent the
poor quality class.
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2.6. Machine Learning Classifiers

The classification task was formulated as a binary problem, in which each foliage
sample was assigned to one of two condition classes: good or poor. Several supervised
machine learning algorithms were evaluated, including Decision Trees, Logistic Regression,
Gaussian Naive Bayes, Support Vector Machines (SVM), k-Nearest Neighbors (KNN),
and Multilayer Perceptron Neural Networks (MLP) [19,34]. For each family of classifiers,
multiple configurations were evaluated by varying key hyperparameters such as kernel
type for SVM, number of neighbors for KNN, distance metric, and network architecture for
MLP, resulting in a total of 24 evaluated classifier configurations, as detailed in Section 3.

All classifiers were implemented in Python 3.11 using the scikit-1learn library (ver-
sion 1.5.2) [33]. To ensure a fair and unbiased comparison between models, default hyper-
parameter values provided by scikit-learn were used for all configurations, with the
exception of the structural parameters that define each variant (e.g., kernel type, number of
neighbors, hidden layer size). This approach avoids overfitting the model selection to the
specific dataset while maintaining reproducibility [19].

The selection of classical machine learning models over deep learning approaches
was motivated by three main factors. First, these models are computationally efficient and
interpretable, making them suitable for deployment in resource-constrained agricultural
processing environments [6]. Second, deep learning approaches such as CNNs typically
require substantially larger labeled datasets to achieve reliable generalization—commonly
on the order of tens of thousands of samples [8,10]—whereas the present dataset comprises
1233 images, a scale consistent with previous studies applying classical models to structured
visual feature representations [19,21]. Third, classical models are particularly well-suited
for handling structured feature representations such as normalized BoF histograms, where
the dimensionality is moderate and the feature space is explicitly defined [19]. A direct
empirical comparison between the proposed BoF-based approach and CNN-based alterna-
tives on this dataset is acknowledged as a limitation of the present work and is identified
as a priority direction for future research, as discussed in Section 4.6.

Beyond dataset scale considerations, the choice of SIFT+BoF as a feature representa-
tion combined with classical machine learning classifiers offers several advantages that
are particularly relevant in the context of industrial post-harvest quality inspection for
agricultural exports.

Interpretability and fault traceability. The BoF representation provides an explicit,
human-interpretable feature space in which each dimension corresponds to the frequency
of a specific visual pattern detected in the image. This transparency allows quality control
operators and system engineers to audit classification decisions by inspecting which visual
words contributed most to a given prediction, facilitating fault traceability in industrial
inspection workflows—a property that end-to-end deep learning models do not inherently
provide [6]. Furthermore, classical classifiers produce explicit decision boundaries that
can be inspected and validated independently of the feature extraction stage, supporting
systematic fault diagnosis in production environments.

Algorithmic stability and predictability. Classical machine learning models exhibit
well-characterized and stable behavior under distribution shifts within the trained feature
space. Their decision boundaries are deterministic and do not vary across inference runs,
which is a critical property for quality certification in export-oriented processing chains
where consistent and reproducible grading outcomes are required [3]. This stability applies
to the classifier family as a whole and is not contingent on the specific model selected.

Lightweight deployment and maintainability. The proposed pipeline requires no
GPU infrastructure and depends exclusively on open-source libraries with stable long-term
support (OpenCV, scikit-learn, scikit-image). Model retraining, when required due
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to seasonal or variety-related distribution changes, can be completed rapidly on local
hardware without cloud infrastructure or specialized deep learning expertise, reducing
operational costs and dependence on external technical support [6]. These properties are
shared across all evaluated classical configurations and represent a systematic advantage
of the chosen methodological family.

It should be noted that the specific classifier ultimately adopted in this work—the
Linear SVM—was not selected a priori as part of the pipeline design, but rather emerged
empirically as the best-performing model from the systematic comparative evaluation of
24 configurations across six classical machine learning families reported in Section 3.3,
as further supported by the Friedman test and post hoc Wilcoxon signed-rank analysis
reported in Section 3.3. The multi-dimensional justification presented above therefore
applies at two distinct levels: (i) the a priori choice of SIFT+BoF as the feature representation
and of classical machine learning models as the classifier family, and (ii) the a posteriori
selection of the Linear SVM specifically, which is grounded in the empirical and statistical
results of Section 3.3.

2.7. Performance Evaluation Metrics

The proposed framework is evaluated across two independent tasks, each assessed
using a dedicated set of metrics: geometric stem size estimation and binary foliage
condition classification.

2.7.1. Geometric Estimation Metrics

The accuracy of the stem size estimation method was evaluated by comparing the
estimated stem lengths against ground truth measurements obtained manually using a
physical reference ruler. Let L' and Lft denote the estimated and ground truth stem
lengths for the i-th sample, respectively. The following metrics were computed over all
N samples:

1Y ’
MAE = = ) [Lf - LY (5)
i=1
1Y ‘
RMSE = | = ) (L§ — L3')2 (6)

t . o .
where ¢; = |L¢ — ng | and ¢ is the mean absolute error. In addition to continuous measure-
ment evaluation, a discrete size categorization accuracy is computed to assess the reliability
of the three-class size assignment (small, medium, large):

Ncorrect (8)

Accuracy,;,, = Noor
ota

where Neorrect is the number of samples correctly assigned to their ground truth size class.

2.7.2. Classification Metrics
The performance of the machine learning classifiers was evaluated using four standard

metrics for binary classification: Accuracy, Precision, Recall, and F1-score [35].

TP+TN
TP+TN+FP+FN

Accuracy =

©)

https://doi.org/10.3390 /horticulturae12080935


https://doi.org/10.3390/horticulturae12080935

Horticulturae 2026, 12, 935 13 of 25

.. TP
Precision = TP L EP (10)
TP
Recall = ———— 11
T TPYEN (11)

Precision x Recall
Fl =2 Precision + Recall (12)

where TP, TN, FP, and FN denote the number of true positives, true negatives, false
positives, and false negatives, respectively. Confusion matrices were additionally analyzed
to provide a deeper understanding of the classification behavior of each model and to
identify systematic misclassification patterns [35].

All classification results were obtained using a stratified 10-fold cross-validation
scheme [19]. Stratification ensures that the proportion of good and poor samples is pre-
served across all folds, which is particularly important given the moderate class imbalance
present in the dataset (42.6% good vs. 57.4% poor, as described in Table 2). The use of
10 folds provides a reliable estimate of generalization performance while maintaining a
sufficient number of training samples per fold [19].

The complete cross-validation pipeline was executed as follows: in each fold, (i) SIFT
descriptors were extracted from the training images; (ii) the visual vocabulary was con-
structed by fitting k-means exclusively on those training descriptors; (iii) BoF histograms
were computed for both training and test images using the fold-specific vocabulary; (iv) his-
tograms were normalized using L2-normalization; and (v) the classifier was trained on
the training histograms and evaluated on the test histograms. This procedure guarantees
that no information from the test fold influenced either the vocabulary construction or the
classifier training at any stage. The reported results correspond to the mean and standard
deviation of each metric computed across the 10 folds.

3. Results

This section presents the experimental results obtained for both stages of the proposed
framework: geometric stem size estimation and binary foliage condition classification.
Results are reported separately for each task, followed by a vocabulary size sensitivity
analysis and a comparative confusion matrix analysis of representative classifiers.

3.1. Stem Size Estimation Evaluation

The performance of the proposed geometric method was evaluated by comparing the
estimated stem lengths against ground truth measurements obtained manually using a
physical reference ruler over all 1233 samples in the dataset. The quantitative results are
summarized in Table 3.

Table 3. Quantitative evaluation metrics for the proposed geometric stem size estimation method.

Metric Value
Mean Absolute Error (MAE) 1.2 mm
Standard Deviation (¢) 0.45 mm
Root Mean Square Error (RMSE) 1.3 mm
Size Classification Accuracy 99.84%
Misclassified Samples 2/1233

The proposed method achieved a MAE of 1.2 mm with a standard deviation of 0.45 mm,
and an RMSE of approximately 1.3 mm, confirming the low variability and high consistency
of the estimation process across all evaluated samples. The low standard deviation relative
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to the MAE indicates that estimation errors are uniformly distributed and do not exhibit
systematic bias toward any particular stem size category.

The incorporation of trigonometric orientation correction proved essential for accurate
measurement, particularly for inclined stems. Without angular compensation, the horizon-
tal projection of the stem length systematically underestimates the true stem length due to
the cosine foreshortening effect described in Equation (2). The use of the reference marker
enabled a reliable and consistent conversion from pixel units to real-world dimensions via
the spatial calibration factor S defined in Equation (1), ensuring measurement consistency
across samples acquired at varying camera-to-sample distances.

Based on the estimated stem length L,;;, each sample was assigned to one of three size
categories according to the thresholds defined in Section 2.2. Of the 1233 evaluated samples,
only 2 were incorrectly categorized, yielding a size classification accuracy of 99.84% (error
rate: 0.16%). Both misclassified samples corresponded to stems with lengths near the
category boundaries, where measurement uncertainty is inherently higher. These results
confirm the robustness and reliability of the proposed geometric approach for accurate and
interpretable stem size estimation under controlled acquisition conditions.

3.2. Vocabulary Size Sensitivity Analysis

A systematic sensitivity analysis was conducted to determine the optimal vocabulary
size K for the Bag of Features representation. Classification accuracy of the Linear SVM was
evaluated across K € {20,40,...,280,300} under stratified 10-fold cross-validation. For
each value of K, the visual vocabulary was constructed independently within each training
fold, following the same leakage-free pipeline described in Section 2.7, ensuring that the
reported accuracy values are unbiased estimates of generalization performance for each
vocabulary size. As illustrated in Figure 5, accuracy reaches a plateau at K = 100, 120, and
140 (92.4%) and remains stable within a narrow range (91.4 —91.8%) for larger vocabulary
sizes, indicating that further increases in vocabulary size beyond K = 100 do not yield
appreciable gains in classification performance for this dataset. Values below K = 100 show
a progressive reduction in accuracy of up to 1.3 percentage points relative to the plateau,
suggesting that a minimum vocabulary size is required to adequately capture the visual
variability of the Ruscus hypophyllum foliage condition classes [21,23]. Based on these results,
K = 100 was selected as the vocabulary size for all subsequent classification experiments,
as it achieves the highest accuracy with the smallest vocabulary size, representing the most
favourable trade-off between discriminative capacity and computational cost.

0.96 4

sLow  ongw S  921%  e21%
0.92 1 91.6% i 91.6%  91.6%  91.6%  9L6% g1 0 o1 40

91.1% ® L g g *— o—9o

0.90 4

Validation Accuracy

0.88

20 40 60 80 100 120 140 160 180 200 220 240 260 280 300

Vocabulary Size (K)

Figure 5. Linear SVM classification accuracy as a function of vocabulary size K under stratified
10-fold cross-validation. Accuracy reaches a plateau at K = 100-140 (92.4%).
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3.3. Classification Performance

Table 4 summarizes the average performance metrics obtained by all evaluated classi-
fiers using stratified 10-fold cross-validation. Classifiers are grouped by family to facilitate
comparison across model types.

Table 4. Average performance metrics of evaluated classifiers grouped by family. All results corre-
spond to stratified 10-fold cross-validation. Accuracy and Fl-score are reported as mean =+ standard

deviation.
No. Classifier Acc. (%) Prec. (%) Rec. (%) F1 (%)
Support Vector Machines
1 Linear SVM 924+1.0 907+12 9144+11 91.1+£1.2
2 Quadratic SVM 91.1+11 891+13 901412 89.6+1.3
3 Cubic SVM 89.1+12 867+14 880+13 873+1.5
4  Fine Gaussian SVM 813+16 771418 80.0£17 785+19
5  Mean Gaussian SVM 745+19 691+21 724+20 707+£23
6  Coarse Gaussian SVM 684+21 622+23 657+22 639+25
Neural Networks (MLP)
7  Medium Neural Network 895+15 871+16 886+17 878418
8  Wide Neural Network 88.6+t16 863+18 872+£17 86.7+19
9 Two-layer Neural Network 877+16 8514+18 861+17 85.6+1.9
10  Narrow Neural Network 870+18 844420 853+19 84.8+21
11  Three-layer Neural Network 84.8+1.7 81.6+19 829418 822£20
Naive Bayes
12 Gaussian Naive Bayes 882+17 8574+19 867+£18 86.2+20
13 Kernel Naive Bayes 77.7+20 727422 762+21 744424

Logistic Regression
14  Efficient Logistic Regression 87.3+11 847+12 857+12 852+13
15  Binary Logistic Regression 823+13 786=x15 804+14 795+1.6

Decision Trees

16  Fine Decision Tree 85.8+20 824422 848+21 83.6+24
17  Medium Decision Tree 842+22 80.6+24 829+23 8l1.7£26
18  Coarse Decision Tree 826+24 7874+26 810+£25 79.84+28
k-Nearest Neighbors
19  Cosine KNN 70022 6454+24 657+£23 651+26
20  Fine KNN 68.0+t25 620427 638£26 629+29
21  Cubic KNN 66.3+26 602+28 619+27 61.0%£3.0
22 Weighted KNN 64.7+28 583+30 600+£29 592432
23  Medium KNN 63.14+3.0 565+32 581+31 573+34
24 Coarse KNN 599+32 527+34 552433 540+£3.6

The results reveal a clear performance hierarchy across classifier families. SVM-based
models achieved the highest overall performance, with the Linear SVM obtaining the
best results across all evaluated metrics: an accuracy of 92.4 £+ 1.0% and an Fl-score of
91.1 &£ 1.2%. To provide a statistically rigorous foundation for model selection and account
for the overlapping standard deviations among the top-performing configurations, a formal
non-parametric statistical analysis was conducted on the fold-by-fold cross-validation
accuracy vectors. First, a Friedman test was executed across the 10 folds for the three
best-performing configurations overall (Linear SVM, Quadratic SVM, and Medium Neural
Network), which confirmed a highly significant performance difference among them
(Friedman statistic = 20.00, p = 0.00005). Subsequently, a post hoc pairwise Wilcoxon
signed-rank test with Bonferroni correction was performed to compare our top model
(Linear SVM) against the runner-up configuration (Quadratic SVM). The post hoc analysis
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yielded a corrected p-value of 0.00391 (p < 0.01), provides statistical evidence that the
superior accuracy of the Linear SVM is statistically significant and due to genuine model
efficacy rather than random cross-validation fold variability. The strong performance of
linear kernel SVMs is consistent with the characteristics of the BoF feature space, where
class boundaries are effectively separable using linear decision surfaces [19,36].

Within the SVM family, a clear degradation in performance is observed as the kernel
complexity increases from linear to polynomial (Quadratic, Cubic) and further to Gaussian
kernels. This behavior suggests that the BoF histogram feature space does not benefit from
higher-order decision boundaries, and that the added flexibility of complex kernels leads
to overfitting on this dataset.

MLP Neural Networks constituted the second best-performing family, with accura-
cies ranging from 84.8% (Three-layer) to 89.5% (Medium), slightly below the top SVM
configurations. The performance gap between SVMs and MLPs may be attributed to the
limited dataset size, which can restrict the generalization capability of more flexible models
requiring larger amounts of training data [10].

Gaussian Naive Bayes achieved a competitive accuracy of 88.2%, outperforming
several MLP configurations despite its strong independence assumption, which suggests
that the BoF features exhibit a degree of statistical independence consistent with this
model’s assumptions.

Logistic Regression and Decision Tree models exhibited moderate performance in the
range of 82.3-87.3% and 82.6-85.8%, respectively, while KNN configurations consistently
yielded the lowest performance across all families, with accuracies ranging from 59.9% to
70.0%. The high variability observed in KNN results (standard deviations up to £3.6%)
suggests strong sensitivity to the local feature distribution generated by the BoF represen-
tation, where the assumption of proximity in feature space does not effectively capture
class-discriminative patterns [19].

3.4. Confusion Matrix Analysis

To provide a deeper understanding of the classification behavior of the evaluated
models, a comparative confusion matrix analysis was conducted using three representative
classifiers: the best-performing model (Linear SVM), an intermediate model (Medium
Neural Network), and the worst-performing model (Coarse KNN). The corresponding
confusion matrices are shown in Figure 6.

Best Model: Linear SVM Intermediate Model: Neural Network Worst Model: KNN
480 a5 465 60 290 235
GOOD = S 525 GOOD b = 525 GOOD o = = 525
1200
1000
a9 659 69 639 260 448
POOR m ™ 708 POOR e ™ POOR =y ™ 708
800 .
g
5
S
600
SUM 529 704 SUM 534 699 SUM 550 683 w00
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(@) (b) (@)

Figure 6. Confusion matrices for three representative classifiers: (a) Linear SVM, (b) Medium Neural
Network, and (c) Coarse KNN. Rows represent ground truth labels and columns represent predicted
labels. Values correspond to prediction counts aggregated across all 10 cross-validation folds, totalling
1233 samples.

The confusion matrix of the Linear SVM (Figure 6a) shows a strong concentration of
samples along the main diagonal, with 480 true positives (good correctly classified) and
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659 true negatives (poor correctly classified) aggregated across all 10 folds, yielding 49 false
positives and 45 false negatives in total across the complete dataset of 1233 samples. This
reflects a well-balanced trade-off between Precision and Recall (Equations (10) and (11)),
consistent with the high Fl-score of 91.1 + 1.2% reported in Table 4.

The Medium Neural Network (Figure 6b) exhibits a moderate increase in misclassifi-
cation relative to the Linear SVM, with 69 false positives and 60 false negatives aggregated
across all 10 folds, indicating a less optimal decision boundary in the BoF feature space.
Despite this, the model maintains an acceptable performance level with an accuracy of
89.5 & 1.5%, suggesting that MLP-based models can serve as a viable alternative when
interpretability requirements are less strict.

In contrast, the Coarse KNN (Figure 6¢) shows a substantially higher dispersion of
predictions, with 260 false positives and 235 false negatives aggregated across all 10 folds,
representing a total misclassification rate of 40.1% across the complete dataset. Notably, this
model misclassifies a significant proportion of poor-condition samples as good, resulting
in a high false positive rate that would be particularly problematic in a real post-harvest
inspection scenario, where undetected poor-quality samples reaching export chains can
compromise commercial reputation [3].

From a practical standpoint, the asymmetry between false positives and false negatives
has different commercial implications in the post-harvest quality assessment context. A
false negative (good sample classified as poor) results in unnecessary product rejection,
reducing yield. A false positive (poor sample classified as good) results in defective product
reaching the market, with greater commercial and reputational consequences.

4. Discussion

The experimental results obtained for both stages of the proposed framework demon-
strate the effectiveness of decoupling geometric measurement from visual classification in
the context of post-harvest foliage quality assessment. This section discusses the implica-
tions of the obtained results, their consistency with related work, and the limitations of the
proposed approach.

4.1. Geometric Stem Size Estimation

The proposed geometric method achieved a MAE of 1.2 mm and an RMSE of approxi-
mately 1.3 mm, with a size categorization accuracy of 99.84%. These results confirm that
pixel-based geometric measurement combined with spatial calibration and trigonometric
orientation correction provides a highly accurate and reliable alternative to learning-based
approaches for measurable physical traits under controlled acquisition conditions. This
finding is consistent with previous work in plant phenotyping and precision agriculture,
where geometric calibration methods have demonstrated competitive accuracy for non-
destructive morphological trait estimation [14-16].

The orientation correction step proved particularly relevant for stems with non-
negligible inclination angles. Without this correction, the cosine foreshortening effect
described in Equation (2) would systematically underestimate stem length, introducing a
bias that scales with the inclination angle. The use of a reference marker of known length
as both an orientation anchor and a spatial calibration device addresses this challenge ele-
gantly, without requiring additional sensors or complex camera calibration procedures [26].
This makes the proposed geometric stage particularly suitable for deployment in low-cost
agricultural processing environments.

The two misclassified samples corresponded to stems with lengths near the category
boundaries (i.e., close to 250 mm or 350 mm), where small measurement errors are sufficient
to produce an incorrect size assignment. This behavior is inherent to any threshold-based
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categorization system and could be mitigated in future work by introducing a rejection
region or uncertainty band around the category boundaries, allowing ambiguous samples
to be flagged for manual inspection rather than assigned to a potentially incorrect category.

4.2. Foliage Condition Classification

Among the evaluated classifiers, the Linear SVM achieved the best overall perfor-
mance, with an accuracy of 92.4 + 1.0% and an Fl-score of 91.1 & 1.2%. This result is
consistent with previous studies in agricultural image classification, where SVM-based
models have demonstrated strong effectiveness in high-dimensional structured feature
spaces [19,36]. The superiority of the linear kernel over polynomial and Gaussian kernels
suggests that the BoF histogram representation produces a feature space where the two
classes are approximately linearly separable, making the additional flexibility of non-linear
kernels counterproductive due to the risk of overfitting on a dataset of moderate size.

The competitive performance of Gaussian Naive Bayes (88.2%) relative to more com-
plex models such as MLP Neural Networks is noteworthy. This result suggests that the
normalized BoF histograms exhibit a degree of feature independence that is compatible with
the Naive Bayes assumption, which may be related to the relatively orthogonal nature of vi-
sual word occurrences in the vocabulary space [19]. This finding has practical implications,
as Gaussian Naive Bayes is computationally inexpensive and highly interpretable, making
it a viable lightweight alternative to SVM in resource-constrained deployment scenarios.

The consistently poor performance of KNN configurations (59.9-70.0%) can be at-
tributed to the nature of the BoF feature space. KNN relies on the assumption that samples
of the same class are spatially proximate in the feature space. However, BoF histograms
are high-dimensional and sparse, producing a feature space where Euclidean and cosine
distances may not reliably reflect semantic similarity between samples [19]. This limitation
is further evidenced by the high cross-validation variability observed for KNN models
(standard deviations up to £3.6%), indicating strong sensitivity to the specific data split
used in each fold.

The confusion matrix analysis revealed an important asymmetry in the classification
errors of lower-performing models. In the post-harvest context, false negatives (good
samples classified as poor) are commercially less consequential than false positives (poor
samples classified as good), as they result in unnecessary product rejection rather than
defective product reaching export markets [3]. The Linear SVM exhibited the most bal-
anced error distribution between these two types, further supporting its selection as the
recommended model for this application.

4.3. Failure Case Analysis

An examination of misclassified samples reveals two systematic error patterns in the
Linear SVM output. False negatives (good samples classified as poor, in Figure 7a,b) are
predominantly associated with natural leaf surface blemishes and specular reflectance
artifacts introduced during image acquisition. These local intensity variations generate
BoF visual word distributions that partially overlap with those characteristic of damaged
foliage, causing the classifier to incorrectly assign a poor condition label despite the sample
meeting all quality criteria. This suggests that the current visual vocabulary may not fully
disambiguate between acquisition-induced artifacts and genuine foliar damage at the local
feature level.

False positives (poor samples classified as good, in Figure 7c,d) are associated with
subtle chlorosis and boundary geometry ambiguity, where early-stage foliar degradation
produces chromatic and textural patterns insufficiently distinct from healthy foliage in
the BoF representation. These cases represent inherently ambiguous samples that may
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also challenge human annotators, as the visual difference between early degradation and
acceptable condition is minimal. From a commercial standpoint, false positives carry greater
consequence than false negatives in post-harvest inspection, as they result in defective
product reaching export markets [3]. Future work could address both error types through
targeted data augmentation of boundary-case samples and the incorporation of color-based
features explicitly designed to detect early chlorosis patterns.

(a) False Positive (FP) (b) False Positive (FP) (c) False Negative (FN) (d) False Negative (FN)

—kae

Prediction: Good
sround Truth: Bad

Sx<q

Prediction: Bad

Prediction: Bad

Prediction: Good
Ground Truth: Good Ground Truth: Good Ground Truth: Bad

Figure 7. Representative failure cases of the Linear SVM: false negatives ((a,b), good misclassified as
poor) caused by surface blemishes and reflectance artifacts; false positives ((c,d), poor misclassified
as good) caused by subtle chlorosis and boundary geometry ambiguity.

4.4. Comparison with Related Work

The proposed hybrid framework achieves competitive results compared to related
work in ornamental plant classification. Classification accuracies above 99% for Anthurium
cultivar identification were reported in [11]; however, that study addressed a multi-class
identification problem under highly controlled conditions with a single plant species,
whereas the present work targets binary quality grading under the more challenging vari-
ability inherent to post-harvest foliage processing. Deep learning-based approaches for
ornamental trait estimation have reported accuracies between 35% and 99% depending
on the trait [13], highlighting the variability of CNN-based methods across different or-
namental attributes and the difficulty of achieving consistent performance without large
labeled datasets.

The present work demonstrates that classical machine learning models combined with
BoF representations can achieve competitive performance (92.4%) in a practical post-harvest
foliage inspection scenario, while offering significant advantages in terms of interpretabil-
ity, computational efficiency, and reduced data requirements compared to deep learning
approaches [8,10]. This positions the proposed framework as a practical and accessible
solution for small- and medium-scale ornamental foliage producers seeking to automate
quality assessment without the infrastructure requirements of deep learning pipelines.

The competitiveness of classical machine learning models under limited data condi-
tions is supported by empirical evidence in the literature. Comparative studies have con-
sistently shown that SVMs outperform CNNs on small-scale image datasets, while CNNs
gain a decisive advantage only when training sets reach the order of tens of thousands
of samples [8,10]. Specifically, experimental comparisons on image classification bench-
marks have demonstrated that SVM achieves competitive or superior accuracy relative to
CNN when the number of training samples is below approximately 1000-2000 instances,
a regime in which CNN generalization is constrained by insufficient coverage of the fea-
ture space [19,20]. The present dataset of 1233 images falls within this range, providing a
principled basis for the selection of classical models. Nevertheless, the question of whether
transfer learning with pre-trained CNNs—which can partially compensate for limited
labeled data by leveraging features learned from large-scale datasets—would yield compet-
itive or superior results on this specific task remains open and is identified as a priority
direction for future work [10].

Notwithstanding the absence of a direct empirical comparison with deep learning
baselines, the selection of classical machine learning models in this work is supported by
four complementary lines of evidence from the literature.
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First, regarding dataset scale and generalization boundary, empirical studies have consis-
tently demonstrated that SVMs achieve competitive or superior accuracy relative to CNNs
when the number of training samples is below approximately 1000-2000 instances [19,20].
Too et al. [10] showed that fine-tuned deep learning models for plant identification required
datasets of at least 10,000 samples to consistently outperform classical approaches, with
performance degrading substantially under limited data conditions even with transfer
learning. The present dataset of 1233 images falls within the regime where classical models
are empirically competitive.

Second, regarding domain shift in transfer learning, ImageNet-pretrained features
are optimized for object recognition in natural scene photographs, whereas the present
task involves fine-grained texture discrimination in controlled top-view foliage images
with uniform backgrounds. This domain gap limits the direct transferability of pre-trained
features and increases the risk of overfitting during fine-tuning on a dataset of moderate
size [8,10].

Third, regarding feature space suitability, the BoF representation produces a nor-
malized histogram of fixed dimensionality (K = 100) that explicitly encodes local texture
patterns relevant for distinguishing good from poor foliage condition. Linear SVMs are the-
oretically well-suited to this type of structured, moderate-dimensionality feature space [19],
a property confirmed by the empirical results obtained in this work.

Fourth, regarding industrial deployment constraints, the target application
context—small- and medium-scale post-harvest processing facilities—favors lightweight,
interpretable, and maintainable systems over architecturally complex deep learning
pipelines that require GPU infrastructure and specialized technical personnel [6]. These
practical constraints constitute an independent motivation for the methodological choices
made in this work, complementary to the dataset scale argument.

4.5. Practical Deployment Considerations

The proposed framework was evaluated on a standard CPU-based environment
(x 86_64 architecture, 2 logical cores, 12.67 GB RAM) to assess its suitability for de-
ployment in resource-constrained agricultural processing facilities. The complete in-
ference pipeline—encompassing image preprocessing, BoF feature extraction, and SVM
classification—achieves a mean processing time of 84.2 ms per sample, corresponding to
a throughput of approximately 11.9 images per second. These results confirm that the
proposed system operates in near-real-time on commodity hardware without requiring
dedicated GPU infrastructure, making it practically accessible for small- and medium-scale
ornamental foliage producers. The use of open-source Python 3.11 libraries (scikit-learn
(version 1.5.2),0penCV, scikit-image (version 4.10.0) further reduces deployment
costs, as no commercial software licenses are required. The system can be deployed on
a standard laptop or low-cost single-board computer connected to a consumer-grade
smartphone camera, consistent with the low-cost acquisition setup described in Section 2.1.

Regarding framework transferability, the proposed pipeline is applicable to other
single-stem, multi-leaf ornamental foliage species with similar morphological structure,
such as Ruscus aculeatus or Asparagus setaceus. The geometric measurement stage requires
only recalibration of the size category thresholds to match the commercial grading stan-
dards of the target species, with no algorithmic modifications. The BoF-SVM classifi-
cation stage requires retraining on a species-specific labeled dataset, as both the visual
vocabulary—defined by the k-means centroids fitted on SIFT descriptors—and the SVM
decision boundary are learned from the training data and are therefore species-dependent.
The migration cost is moderate: a new annotated dataset of comparable scale (approxi-
mately 1000-1500 images) and a retraining procedure that can be completed in under one
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hour on standard CPU hardware are sufficient, with no architectural modifications to the
pipeline. The optimal migration strategy consists of three steps: (i) acquire and annotate
a species-specific dataset following the same controlled acquisition protocol described
in Section 2.1; (ii) retrain the BoF vocabulary and SVM classifier using the fold-internal
pipeline described in Section 2.7; and (iii) validate performance using the same stratified
10-fold cross-validation scheme, reporting the four metrics defined in Section 2.7 to enable
direct comparison with the results obtained for Ruscus hypophyllum.

4.6. Limitations

Despite the promising results, several limitations of the proposed framework should
be acknowledged. First, all experiments were conducted under controlled acquisition
conditions, including uniform white background, fixed illumination, and a dedicated
reference marker. Performance may degrade under more variable real-world conditions,
such as non-uniform backgrounds, varying lighting, or occlusions, which are common in
field processing environments.

Addressing this limitation will require targeted data augmentation strategies designed
to simulate uncontrolled acquisition conditions, including random brightness and contrast
adjustment (+£30%), Gaussian noise injection (o € [0.01,0.05]), image affine transforma-
tions (rotation +15°, shear £10%), and synthetic background replacement using randomly
sampled textures. On the hardware side, integration into existing post-harvest conveyor
systems would benefit from an industrial line-scan camera with automatic exposure control,
active LED ring illumination with diffuser panels to minimize specular reflections, and a
standardized enclosure to isolate the acquisition zone from ambient lighting variability.
System generalization will be evaluated following a phased incremental protocol progress-
ing from (i) controlled laboratory conditions (current baseline), through (ii) semi-controlled
conditions with variable illumination and non-uniform backgrounds, to (iii) real-world
field processing environments with dynamic backgrounds and uncontrolled lighting, en-
abling direct performance comparison across conditions using the same stratified 10-fold
cross-validation protocol applied in the present work.

Second, the dataset size of 1233 images, while sufficient for the evaluated classical
models, remains relatively limited for more data-intensive approaches and may restrict
the generalization of the results to broader acquisition conditions. Third, the foliage
condition labels were assigned through a three-tier annotation protocol; future work should
compute formal inter-annotator agreement metrics (e.g., Cohen’s x) to further quantify label
consistency. Fourth, the current framework does not incorporate a rejection mechanism
for ambiguous samples near classification or size boundaries, which could improve the
reliability of the system in practical deployment scenarios. Finally, the present work does
not include a direct empirical comparison with CNN-based approaches on the same dataset.
Although the dataset size of 1233 images is consistent with the scale typically associated
with classical machine learning models [10,19], the question of whether transfer learning
with pre-trained CNNs—which can partially compensate for limited data—would yield
competitive or superior results on this specific task remains open. This comparison is
identified as a priority direction for future work.

Regarding reference marker detection robustness, the current implementation requires
successful detection of the reference marker in every image to perform spatial calibration. In
the event of marker occlusion, soiling, or excessive specular reflection leading to detection
failure, the system flags the affected image for manual inspection rather than proceeding
with an unreliable calibration estimate. As a contingency for partial marker visibility, a
fallback calibration scheme based on a fixed nominal scale factor—derived from the known
mean camera-to-sample distance and the observed distribution of calibration factors S
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across the dataset—could be applied with an associated uncertainty estimate. This fallback
mechanism has not been implemented in the current version but is identified as a practical
robustness improvement for future deployment, particularly relevant for integration into
conveyor-based processing lines where marker visibility cannot always be guaranteed.

5. Conclusions

This paper presented a two-stage hybrid computer vision framework for the auto-
mated quality assessment of Ruscus hypophyllum foliage in post-harvest processing en-
vironments. The proposed system explicitly decouples geometric stem size estimation
from visual foliage condition classification, addressing a gap identified in the literature
where heterogeneous quality attributes are typically treated within a single unified learning
framework. This decoupling improves system interpretability, reduces model complexity,
and allows each attribute to be assessed using the most appropriate method for its nature.

The geometric stem size estimation method, based on spatial calibration via a reference
marker and trigonometric orientation correction, achieved a Mean Absolute Error of 1.2 mm,
an RMSE of approximately 1.3 mm, and a size categorization accuracy of 99.84% over
1233 evaluated samples. These results demonstrate that deterministic geometric methods
can provide highly accurate and reproducible measurements of physical plant traits under
controlled acquisition conditions, without requiring any learning-based component for
this task.

For foliage condition classification, the Bag of Features representation extracted us-
ing SIFT descriptors, combined with a Linear SVM classifier, achieved an accuracy of
92.4 £1.0% and an Fl-score of 91.1 & 1.2% using stratified 10-fold cross-validation. The
comparative evaluation of 24 classifier configurations across six families demonstrated
that the linear separability of the BoF feature space favors SVM-based models, while
KNN configurations were systematically outperformed due to their sensitivity to the high-
dimensional sparse nature of histogram representations. These findings provide evidence-
based guidance for model selection in structured visual feature spaces for agricultural
inspection tasks.

From a practical perspective, the proposed framework offers a low-cost, interpretable,
and computationally efficient solution for automated foliage quality grading, with an
inference time of 84.2 ms per sample on standard CPU hardware, suitable for deployment
in small- and medium-scale ornamental foliage processing facilities. The use of a consumer-
grade smartphone camera and open-source Python 3.11 libraries reduces the infrastructure
requirements for adoption, making the system accessible to producers in export-oriented
agricultural sectors such as the Ecuadorian ornamental foliage industry [2].

Several promising avenues for future research emerge from this study to transition
the proposed methodology toward field-ready deployment.

First, to establish robust generalization under real-world processing environments, fu-
ture efforts will evaluate system performance following a structured three-phase incremen-
tal protocol: (i) laboratory-scale replication under controlled changes, (ii) semi-controlled
conditions featuring variable illumination and non-uniform backgrounds, and (iii) fully un-
controlled real-world field environments. To support this progression, essential hardware
adaptations for on-site deployment will be integrated, including an industrial line-scan
camera equipped with automatic exposure control, an active LED ring illumination system
with diffuser panels, and a standardized enclosure designed to isolate the acquisition zone
from ambient lighting variability.

Second, a direct empirical comparison between classical computer vision techniques
and end-to-end deep learning approaches will be conducted. Specifically, convolutional
neural networks (CNNs) such as EfficientNet-BO and MobileNetV2 will be trained and
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evaluated on the same dataset. This architectural comparison will follow the exact strati-
fied 10-fold cross-validation protocol applied in the present work to ensure an objective
performance baseline across both frameworks [8].

Third, to address the data scarcity inherent to specialized agricultural domains and mit-
igate potential overfitting in deep learning models, a rigorous data augmentation strategy
will be deployed [10]. This framework will encompass localized geometric transformations
(e.g., random rotations within +15°) and radiometric perturbations, including Gaussian
noise injection (¢ € [0.01,0.05]) and brightness adjustments between —20% and +20%,
artificially expanding the variance of the training set.

Fourth, future versions of the system will incorporate a confidence-based rejection
mechanism within the classification pipeline. By defining strict decision thresholds, the
classifier will automatically flag low-confidence predictions, routing ambiguous or heavily
degraded fragments to manual expert inspection, thereby maintaining high operational
accuracy and preventing false positives in critical agricultural diagnostic workflows.

Author Contributions: FO.-L.: Conceptualization, Methodology, Software, Formal analysis, Investi-
gation, Writing—original draft, Visualization, and overall coordination of all stages of the manuscript
(lead author). ET.-R.: Writing—review and editing, with emphasis on manuscript drafting and
language refinement. D.P.: Image preparation, Data curation, Investigation, and Validation. M.H.S.:
Methodological review and Writing—review and editing. D.H.P.-O.: Methodological review, Supervi-
sion, Project administration, and Writing—review and editing (style and structure). All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by the Universidad de las Fuerzas Armadas ESPE.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The complete image dataset supporting the conclusions of this article
is publicly available in Zenodo at https:/ /zenodo.org/records /20800717 (accessed on 21 June 2026).

Acknowledgments: The authors would like to thank the Laboratory of Robotics and Industrial
Automation at the Universidad de las Fuerzas Armadas ESPE for the support provided during
this research. As well, authors acknowledge the valuable support given by the SDAS Research
Group (https:/ /sdas-group.com/). During the preparation of this manuscript, the authors used
large language model (LLM, Claude Sonnet 5, Anthropic)-based writing assistance tools to support
language editing, text structuring, and drafting of selected sections. The authors have reviewed,
edited, and take full responsibility for all content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

BoF Bag of Features

CLAHE Contrast Limited Adaptive Histogram Equalization
CNN Convolutional Neural Network
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