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Agriculture is undergoing a  rapid technological 
transformation through automation, robotics, and artificial 
intelligence, enabling intelligent systems that improve 
productivity and reduce labour costs in crop production 
(Alaaudeen et al., 2024; An et al., 2022). Robotic harvesting 
platforms require reliable perception systems to detect 
fruits accurately before performing picking operations 
(Afsah-Hejri et al., 2022; Bac et al., 2014), yet fruit detection 
in natural environments remains challenging due to variable 
illumination, occlusions, and natural variability in fruit 
appearance (Li et al., 2022; Lv et al., 2022). Computer vision 
has emerged as one of  the  most effective technologies 
to address these challenges (Cubero et al., 2011; Sa et al., 
2016), with machine learning and deep learning approaches 
significantly improving detection performance (Hamuda et 
al., 2017; Toylan and Kuscu, 2014; Mureșan and Oltean, 2018); 
however, they often demand substantial computational 
resources unfeasible for embedded processors in agricultural 
robots (Kirillov et al., 2023; Gao et al., 2020). In this context, 
traditional colour-based segmentation techniques remain 
highly relevant due to their simplicity, low computational 
cost, and suitability for real-time implementation on 
resource-constrained hardware (Hamuda et al., 2016; Riehle 
et al., 2020). Recent work has demonstrated that even object 
detection architectures based on deep learning – such 
as YOLO – are being adapted for real-time fruit detection 
in harvesting robots (Aljaafreh et al., 2023), underscoring 
the  growing demand for computationally efficient vision 

pipelines in agricultural automation. Nevertheless, classical 
colour-based thresholding remains a  competitive baseline 
when hardware constraints are severe. The  effectiveness 
of  colour segmentation depends critically on the  colour 
representation adopted (Gonzalez and Woods, 2018). 
The  standard RGB is sensitive to illumination variations 
because luminance and chromaticity are couple within each 
channel. Alternative spaces such as HSV, LAB, and YCbCr 
partially decouple luminance from chromatic components, 
which can improve robustness under variable lighting 
conditions (Kang and Chen, 2020; Holý et al., 2025). Previous 
comparative studies have highlighted HSV‘s superiority for 
real-time systems (Hamuda et al., 2016; Moreira et al., 2022), 
LAB‘s advantages in complex backgrounds (Pujari et al., 
2014), and RGB‘s sensitivity to illumination (Hu et al., 2016). 
Deep learning models achieve state-of-the-art segmentation 
performance, but at significant computational cost that 
constrains their deployment in embedded agricultural 
systems (Zhang et al., 2024). Despite growing interest in 
this field, a systematic and statistically validated comparison 
of colour spaces specifically targeting low-complexity fruit 
segmentation pipelines suitable for embedded robotic 
harvesting remains underexplored.

The central research question of this study is which colour 
space – among RGB, HSV, LAB, and YCbCr – provides the most 
accurate, stable, and computationally efficient representation 
for threshold-based fruit segmentation across multiple fruit 
colours under variable indoor illumination. This study directly 
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extends the problem of reliable fruit detection in constrained 
robotic harvesting systems identified by Bac et al. (2014), 
proposing a reproducible and low-complexity segmentation 
framework as a practical alternative to deep learning pipelines 
where hardware constraints are a limiting factor.

The novel contributions of this work are:
a)	 a  systematic and reproducible comparative evaluation 

of  four colour spaces for threshold-based fruit 
segmentation using a structured multi-colour dataset; 

b)	 the  application of  non-parametric statistical testing 
(Friedman test with Wilcoxon signed-rank post-hoc 
analysis and Bonferroni correction) to rigorously validate 
observed performance differences;

c)	 practical guidance for colour space selection in 
lightweight, real-time agricultural segmentation 
systems, particularly in scenarios where deep learning is 
not feasible due to computational constraints.
The remainder of  this paper is organised as follows. 

The  Material and Methods section describes the  image 
dataset, colour space definitions, calibration procedure, 
segmentation pipeline, and evaluation metrics. The Results 
and Discussion section presents quantitative performance 
comparisons across colour spaces and fruit colour categories 
and interprets the  findings in the  context of  related work. 
The  Conclusion section summarises the  key insights and 
directions for future research.

Dataset
Experiments were conducted on a  custom image dataset 
comprising 144 colour images, assembled specifically for 
this study to ensure controlled variability in illumination, 
fruit colour, and background conditions representative 
of  indoor laboratory harvesting scenarios. The dataset was 
constructed rather than sourced from a  public repository 
because, to the best of the authors‘ knowledge, no existing 
public dataset simultaneously covers the  four target fruit 
colour categories (red, green, orange, and yellow) under 
the  variable natural indoor lighting conditions required 

to evaluate colour-space robustness for threshold-based 
segmentation. Images were captured with a  1080P FHD 
USB webcam (resolution: 1920 × 1080 pixels) mounted on 
a fixed support at a distance of approximately 50 cm from 
the  target objects and subsequently resized to 640 × 480 
pixels for processing consistency. All images were acquired 
in a  controlled indoor laboratory environment under 
variable natural lighting conditions (diffuse daylight through 
a  window, without artificial supplementary illumination), 
which introduced realistic and representative illumination 
variability – including shadows and uneven brightness  – 
without simulating outdoor field conditions. Fruits were 
placed individually and in groups on a  plain neutral-
coloured surface to minimise background interference 
while preserving realistic occlusion scenarios.

The dataset contains four fruit colour categories: red, 
green, orange, and yellow, with 36 images per category 
(total: 144 images). Each image contains one or more fruits 
of  the  target colour category, resulting in a multi-instance 
segmentation scenario per image. No train/test split was 
applied in the  traditional machine learning sense, as 
the  proposed method is non-parametric and requires no 
training phase: colour thresholds were calibrated once on 
a single reference image and subsequently applied without 
modification to all 144 images. The  144-image corpus 
therefore constitutes the  full evaluation set, and no data 
partitioning was required.

Ground truth binary masks were generated for each 
image and each fruit colour category. A ground truth binary 
mask is a pixel-level annotation image of  the same spatial 
resolution as the  input image (640 × 480 pixels), in which 
pixels belonging to the  target fruit region are assigned 
a  value of  1 (foreground) and all remaining pixels are 
assigned a  value of  0 (background). Ground truth masks 
were generated for all 144 images across the  four fruit 
colour categories, yielding 576 masks in total (144 images × 
4 colour categories). Since each of  the  576 masks was 
evaluated independently against the  predictions of  each 
of  the  four colour spaces (RGB, HSV, LAB, YCbCr), the  total 
number of mask evaluations is 576 × 4 = 2304 evaluations. 
The  annotation procedure is described in detail in 
the  Ground truth masks subsection below. Representative 

Fig. 1	 Representative dataset images showing different fruit colours and illumination conditions
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dataset samples illustrating typical illumination conditions, 
colour variability, and common challenges such as shadows 
and partial occlusions are shown in Fig. 1.

Colour spaces
Four colour spaces were evaluated in this study: RGB, HSV, 
CIE L*a*b* (LAB), and YCbCr. Each space represents colour 
information differently, which directly affects the separability 
of fruit pixels from background under variable illumination.

RGB (Red, Green, Blue) is the  standard representation 
for digital imaging. Each pixel is described by three additive 
components (R, G, B) ∈ [0, 255]. Although widely used, RGB 
is sensitive to illumination changes because luminance 
and chromaticity are coupled within each channel, making 
threshold-based segmentation less robust under varying 
lighting.

HSV (Hue, Saturation, Value) separates chromatic 
information (H ∈ [0°, 360°]) from saturation (S ∈ [0, 1]) 
and brightness (V ∈ [0, 1]). This decoupling makes HSV 
particularly suitable for colour-based segmentation, as 
fruit colour can be described primarily by the hue channel 
independently of  illumination intensity. HSV thresholding 
is implemented by defining lower and upper bounds on 
each of  the  three channels simultaneously so that a  pixel 
is classified as fruit only when all three channel values fall 
within their respective calibrated ranges (see Eq. 2).

CIE L*a*b* (LAB) is a perceptually uniform colour space 
in which L* represents lightness, a* the green–red opponent 
axis, and b* the blue–yellow opponent axis. LAB is device-
independent and designed so that equal numerical 
differences correspond to approximately equal perceptual 
differences, which can improve robustness in scenes with 
complex or variable backgrounds.

YCbCr separates luminance (Y) from blue-difference 
(Cb) and red-difference (Cr) chrominance components. 
Originally developed for digital video standards, YCbCr has 
been applied to skin and colour detection tasks due to its 
effective decoupling of brightness from colour information.

All colour space conversions were performed using 
OpenCV 4.8.0 (Bradski, 2000), an open-source computer 
vision library, via its built-in colour conversion functions 
(cv2.cvtColor): cv2.COLOR_BGR2HSV, cv2.COLOR_BGR2Lab, 
and cv2.COLOR_BGR2YCrCb. Since OpenCV loads images in 
BGR channel order by default, the RGB baseline was applied 
directly to the  loaded BGR image without conversion. For 
consistency with standard terminology in the literature, this 
baseline is referred to as “RGB“ throughout the manuscript; 
calibration and thresholding were performed under 
the same BGR channel ordering.

Range calibration 
Colour ranges were calibrated using an interactive region-
of-interest (ROI) selection procedure applied to a  single 
representative reference image from the dataset. For each 
fruit colour category (red, green, orange, and yellow), 
a  rectangular ROI was manually selected to capture 
pixels representative of  that fruit‘s colour under typical 
illumination conditions. The  ROI was extracted in each 
of  the  four colour representations, and the  per-channel 
bounds were computed from the  pixel distribution within 
the selected region.

Formally, for each channel c in a colour space S, the lower 
threshold ℓ_c and upper threshold u_c are defined as: 

	 ℓ_c = min_{p ∈ Ω} S_c(p),	  
	 u_c = max_{p ∈ Ω} S_c(p)	 Eq. (1)

where:	 p – a  pixel, Ω – the  set of  all pixels inside 
the  selected ROI; S_c(p) – the  value of  channel c 
of colour space S at pixel p. This procedure yields, 
for each fruit colour and each colour space, a pair 
of threshold vectors [ℓ_1, ℓ_2, ℓ_3] and [u_1, u_2, 
u_3] defining the  chromatic range used during 
segmentation. The calibrated bounds were stored 
as a  structured configuration file and applied 
without modification to all 144 evaluation images.

To assess the robustness of this calibration strategy, two 
approaches were compared:
a)	 min/max bounds derived from a single reference image, 

as described above; 
b)	 5th–95th percentile bounds computed over a  subset 

of  10 reference images, which reduces the  influence 
of extreme pixel values (outliers) at the ROI boundaries. 

The percentile strategy produced marginally lower F1-score 
for HSV (0.952 vs. 0.954) but improved segmentation 
stability for orange fruits, where F1-score increased from 
0.580 to 0.612 – suggesting that the  min/max approach 
captured some atypical pixels that helped span the  full 
orange colour range. The  min/max strategy was retained 
as the  primary calibration method because, under 
the controlled acquisition conditions of this study, it better 
captured the  full chromatic range of  each fruit category 
without introducing the  boundary truncation inherent to 
percentile-based approaches.

Segmentation pipeline
The segmentation pipeline was implemented in Python 
using OpenCV 4.8.0 (Bradski, 2000). For each input 
image, each fruit colour category, and each colour space, 
the  image is first converted into the corresponding colour 
representation, and a binary mask is computed via chromatic 
thresholding using the calibrated lower and upper bounds. 
Specifically, a  pixel p is classified as fruit if and only if its 
channel values fall within the  calibrated range in all three 
channels simultaneously:

	 ℓ_c ≤ S_c(p) ≤ u_c, ∀ c ∈ {1, 2, 3}	 Eq. (2)

This operation was implemented using the cv2.inRange 
function from OpenCV, which performs per-channel 
range testing and returns a  binary mask of  identical 
spatial dimensions to the  input image. Because chromatic 
thresholding can introduce salt-and-pepper noise (isolated 
foreground pixels in background regions) and small holes 
(undetected pixels within fruit regions), the  binary masks 
were refined using morphological operations with a 5 × 5 
square structuring element B. Two sequential operations 
were applied:

	– Morphological opening – erosion followed by dilation – 
defined as (M ⊖ B) ⊕ B, where ⊖ denotes erosion 
and ⊕ denotes dilation. Opening removes small, isolated 
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foreground regions (noise) while preserving the  overall 
shape of larger connected components.

	– Morphological closing – dilation followed by erosion  – 
defined as (M ⊕ B) ⊖ B. Closing fills small holes and 
gaps within detected fruit regions, producing smoother 
and more complete region boundaries. Both operations 
were implemented using cv2.morphologyEx with kernels 
cv2.MORPH_OPEN and cv2.MORPH_CLOSE, respectively. 
Figure 2 provides a high-level overview of the complete 
experimental workflow, from colour range calibration to 
final mask evaluation.
This diagram outlines the  complete workflow 

of the study, from initial colour range calibration using ROIs 
to final evaluation metrics, highlighting the sequential steps 
and data flow across the four colour spaces evaluated.

Ground truth masks
The generation of  ground truth binary masks followed 
a  structured two-stage annotation protocol designed to 
balance annotation efficiency with methodological rigour 
and reproducibility.

Stage 1 – Automated initialisation via HSV thresholding. 
To accelerate the  annotation process, initial binary masks 
were generated automatically for each image and each fruit 
colour category using HSV-based chromatic thresholding. 
HSV thresholding was selected for initialisation because 
the hue channel (H) provides a compact and illumination-
robust representation of  fruit colour, enabling high-recall 
initial detections that serve as a  starting point for manual 
correction. For each fruit colour category, lower and upper 
bounds on the H, S, and V channels were defined empirically 
based on prior knowledge of the target colour ranges (e.g., 
H ∈ [0°, 10°] ∪ [170°, 180°] for red fruits; H ∈ [35°, 85°] for 
green fruits; H ∈ [10°, 35°] for orange fruits; H ∈ [25°, 45°] for 
yellow fruits), and applied using the  cv2.inRange function 
in OpenCV 4.8.0. The  resulting masks were then refined 
morphologically (opening and closing with a 5 × 5 kernel) to 
remove isolated noise and fill small gaps before proceeding 
to manual correction.

Stage 2 – Manual refinement and validation. Each 
automatically generated mask was subsequently reviewed 
and corrected manually by a trained annotator using image 
editing software. Corrections included:
a)	 removing foreground regions that corresponded to 

background pixels incorrectly detected as fruit (false 
positives);

b)	 filling foreground gaps within fruit regions that were 
missed by the automatic thresholding (false negatives).

A pixel region was accepted into the ground truth mask if 
and only if it unambiguously corresponded to the  visible 
surface of  a fruit of  the  target colour category, without 
background inclusion. Regions where the  fruit boundary 
was ambiguous due to shadows, overexposure, or 

occlusion were conservatively excluded from the annotated 
foreground.

Inter-annotator agreement. To quantify annotation 
consistency and support methodological reproducibility, 
a  second independent annotator manually labelled 
a  randomly selected subset of  10 images. Agreement 
between the two annotators was measured using Cohen‘s 
Kappa coefficient (κ), a  statistical metric that quantifies 
the  degree of  agreement between two raters corrected 
for the  level of  agreement expected by chance alone. κ is 
defined as:
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  	 Eq. (3)

where:	 po – the  observed proportion of  agreement; 
pe – the expected proportion of agreement under 
chance. The values of κ range from 0 (agreement 
no better than chance) to 1 (perfect agreement), 
with values above 0.80 conventionally interpreted 
as indicating strong agreement (Landis and 
Koch, 1977). The  inter-annotator assessment 
yielded κ = 0.87, indicating strong agreement 
between annotators and supporting the reliability 
of the annotation protocol

It should be noted that the use of HSV thresholding to 
generate initial masks may introduce a  systematic bias in 
favour of HSV-based segmentation, since the ground truth 
regions were partly shaped by an HSV-based initialisation. 
This potential limitation is acknowledged and its implications 
for the interpretation of results are discussed in the Results 
and Discussion sections.

Evaluation metrics
Predicted binary masks were compared against ground truth 
masks on a per-pixel basis using four standard segmentation 
evaluation metrics: intersection over union (IoU), precision, 
recall, and F1-score. These metrics are defined in terms 
of  three pixel-level counts derived from the  comparison 
between the predicted mask and the ground truth mask for 
each image and fruit colour category:

	– TP (true positives): the  number of  pixels correctly 
classified as fruit – i.e., pixels labelled as foreground in 
both the predicted mask and the ground truth.

	– FP (false positives): the  number of  background pixels 
incorrectly classified as fruit – i.e., pixels labelled as 
foreground in the  prediction but as background in 
the ground truth.

	– FN (false negatives): the  number of  fruit pixels missed 
by the prediction – i.e., pixels labelled as background in 
the prediction but as foreground in the ground truth.

Intersection over union (IoU), also known as Jaccard 
index, measures the  overlap between the  predicted and 

 
Fig. 2	 Experimental pipeline overview. Calibration → segmentation in multiple colour spaces → morphological refinement → 

evaluation against ground truth

κ
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ground truth fruit regions relative to their union. It is 
the most stringent of the four metrics, penalising both over-
segmentation and under-segmentation simultaneously:

	
TP

IoU
TP FP FN


 ( )

  	 Eq. (4)

Precision measures the  proportion of  predicted fruit 
pixels that are truly fruit, quantifying the rate of false positive 
detections:

	
TP

precision
TP FP


( )

  	 Eq. (5)

Recall measures the  proportion of  actual fruit pixels 
that were correctly detected, quantifying the rate of missed 
detections (false negatives):

	
TP

recall
TP FN


( )

  	 Eq. (6)

F1-score is the  harmonic mean of  precision and recall, 
providing a  single balanced measure that penalises both 
over- and under-segmentation. It is equivalent to the Dice 
similarity coefficient when applied to binary segmentation 
masks:

	 precision recall TP
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  	 Eq. (7)

To avoid numerical instability in degenerate cases 
where the  denominator equals zero (i.e., empty predicted 
and ground truth masks), a  small additive constant ε  = 
10-6 was incorporated into all denominators during 
implementation. Metrics were computed independently 
for each of  the  2304  mask evaluations (144 images × 4 
fruit colour categories × 4 colour spaces) and subsequently 
aggregated as mean values per colour space, per fruit colour 
category, and as a  fruit colour × colour space interaction 
matrix of mean F1-scores.

Experimental protocol
The complete experimental procedure consists of  four 
sequential stages:

	– Calibration: colour bounds are calibrated once on a single 
reference image using manual ROI selection, producing 
a structured configuration file with the lower and upper 
threshold vectors for each fruit colour category and each 
colour space.

	– Segmentation: the calibrated bounds are applied without 
modification to every image in the  evaluation dataset, 
generating one predicted binary mask per image, fruit 
colour category, and colour space – totalling 2304 
predicted masks.

	– Morphological refinement: each predicted mask is post-
processed using sequential morphological opening and 
closing operations with a  5 × 5 structuring element, as 
described in the Segmentation pipeline subsection.

	– Evaluation: refined predicted masks are compared 
against ground truth masks using IoU, precision, 
recall, and F1-score, yielding 2304 individual metric 

evaluations. Results are aggregated and reported as 
global mean metrics per colour space and per fruit colour 
category, complemented by qualitative visualisations 
of representative segmentation outputs.
The full pipeline was implemented in Python 3.12, using 

OpenCV 4.8.0 for image processing, NumPy for numerical 
operations, pandas for tabular data management, and 
matplotlib for result visualisation, executed on a Windows 
10 operating system.

Statistical analysis
To determine whether the  observed performance 
differences among the four colour spaces were statistically 
significant, a  non-parametric inferential analysis was 
conducted on the  per-image F1-scores. Non-parametric 
tests were selected because the  distribution of  F1-scores 
across images cannot be assumed to follow a  normal 
distribution, particularly given the  multimodal behaviour 
observed across fruit colour categories.

The Friedman test was applied as the  primary global 
test. The  Friedman test is a  non-parametric equivalent 
of  the  repeated-measures analysis of  variance (ANOVA), 
designed for comparing three or more related groups – in 
this case, the  four colour spaces evaluated on the  same 
set of  images. It ranks the  performance values within 
each observation (image) across groups and tests 
the  null hypothesis that all groups perform equivalently. 
A statistically significant Friedman test indicates that at least 
one colour space differs from the others in terms of F1-score 
distribution, without specifying which pairs differ.

Following a  significant Friedman test result, post-hoc 
pairwise comparisons were conducted using the Wilcoxon 
signed-rank test, a  non-parametric test for paired 
observations that evaluates whether the median difference 
in F1-score between two colour spaces is significantly 
different from zero. Since six pairwise comparisons were 
performed simultaneously (one for each pair among four 
colour spaces), a  Bonferroni correction was applied to 
control the  family-wise error rate. Under this correction, 
the  adjusted significance threshold for each individual 
comparison is α = 0.05/6 ≈ 0.0083. All reported p-values 
are Bonferroni-corrected, and comparisons with corrected 
p < 0.0083 are considered statistically significant.

Global performance by colour space
Table 1 summarises the  global average segmentation 
performance metrics for each colour space, aggregated 
across all 144 images and the  four fruit colour categories 
(2304 mask evaluations). HSV achieved the  highest 
performance across all four metrics, with a  mean 
F1-score of  0.972 and a  mean IoU of  0.947, substantially 
outperforming the  remaining colour spaces. RGB ranked 
second with a  mean F1-score of  0.823, followed by LAB 
(F1-score = 0.714) and YCbCr (F1-score = 0.682).

Inspection of the individual metrics reveals characteristic 
trade-offs among colour spaces. HSV is the  only method 
achieving simultaneously high precision (0.986) and high 
recall (0.960), indicating balanced detection with few false 

Results and Discussion
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F1-score matrix: fruit colour vs. 
colour space

Table 3 presents the  mean F1-score 
for each combination of  fruit colour 
category and colour space, providing 
a  detailed view of  per-category 
performance across methods. HSV 
consistently achieved the  highest 
F1-score across all four fruit colour 
categories, with values of  0.997 
(green), 0.995 (red), 0.976 (yellow), 
and 0.919 (orange). The  strong 
performance of HSV on red and green 
fruits confirms the  advantage of  hue-
based thresholding for high-contrast 
chromatic categories. The  lower HSV 
performance on orange fruits (F1-score 
= 0.919) is consistent with the  known 
spectral overlap between orange hues 
and warm-toned backgrounds, which 
reduces the discriminability of the hue 
channel alone.

RGB performed comparably to 
HSV on red (0.992) and green (0.996) 
fruits, but degraded substantially on 
orange (0.364), reflecting the coupling 
of  luminance and chromaticity 
that makes RGB thresholding 
highly sensitive to illumination and 
background colour. LAB and YCbCr 
showed moderate performance on red 
and green fruits (F1-scores in the range 

0.72–0.92) but consistently low values 
on orange and yellow categories, where 
chromatic variability across images 
exceeded the  fixed threshold ranges. 
These results indicate that the relative 
ranking of colour spaces is not uniform 
across fruit colour categories and that 
method selection should account for 
the  specific chromatic characteristics 
of the target fruit.

Qualitative results
Qualitative inspection complements 
the quantitative metrics by illustrating 
characteristic segmentation 
behaviours and failure modes across 
colour spaces. Figure 3 displays 
the  binary masks and segmented 
outputs produced by each colour space 
on a  representative image, enabling 
visual comparison of  accuracy and 
robustness to background elements. 
HSV produced the  most complete 
and precise fruit regions, with well-
defined boundaries and minimal false 
positives. RGB generated masks with 
high coverage but frequent inclusion 
of  background pixels in bright or 
warm-toned regions, consistent with 
its high recall and low precision. LAB 
and YCbCr produced conservative 
masks, frequently missing fruit pixels 

positives and few missed fruit pixels. 
RGB achieved near-perfect recall 
(0.993) at the  cost of  substantially 
lower precision (0.774), confirming 
a  systematic tendency towards 
over-segmentation: the  method 
detects most fruit pixels but also 
incorrectly labels a  significant 
proportion of  background pixels as 
fruit. LAB and YCbCr both achieved 
high precision (0.939 and 0.953, 
respectively) but low recall (0.604 
and 0.555, respectively), indicating 
the opposite behaviour – these spaces 
are conservative in their detections, 
missing large portions of  fruit pixels 
while maintaining low false positive 
rates. The low recall of LAB and YCbCr 
is attributed to the  sensitivity of  their 
chromatic channels to the  specific 
illumination conditions of the dataset: 
the a* and b* axes of LAB and the Cb 
and Cr components of  YCbCr are 
perceptually defined to decouple 
luminance from colour, but the  fixed 
min/max thresholds calibrated from 
a  single ROI were insufficient to span 
the  full chromatic variability across 
the 144 evaluation images, particularly 
under shadows and uneven 
illumination. As a  result, fruit pixels 
with atypical brightness or saturation 
were systematically excluded from 
the  predicted masks, producing 
low recall values without affecting 
precision.

Performance by fruit colour
Table 2 summarises the  average 
segmentation performance per fruit 
colour category, aggregated across all 
colour spaces and images. Red fruits 
achieved the  highest mean F1-score 
(0.956), followed by green (0.860) 
and yellow (0.784). Orange fruits 
were the  most challenging, yielding 
the  lowest mean F1-score (0.591) 
and the  lowest mean IoU (0.456). 
The  relatively strong performance 
on red and green fruits is attributed 
to their high chromatic contrast 
with the  neutral background used 
in the  dataset, which facilitates 
threshold-based separation across 
multiple colour spaces. Orange fruits 
present greater difficulty due to 
tonal similarity with warm-coloured 
backgrounds and higher chromatic 
variability across images, which 
reduces the  effectiveness of  the  fixed 
threshold strategy.

Table 1	 Average segmentation performance per colour space (mean over all 
images and fruit colours)

Colour space IoU Precision Recall F1

HSV 0.9472 0.9857 0.9597 0.9719

LAB 0.5815 0.9394 0.6039 0.7145

RGB 0.7722 0.7743 0.9926 0.8228

YCbCr 0.5446 0.9534 0.5549 0.6820

Table 2	 Average segmentation performance per fruit colour (mean over all 
images and colour spaces)

Fruit colour IoU Precision Recall F1

Yellow 0.6854 0.8891 0.7424 0.7844

Orange 0.4563 0.7789 0.6527 0.5911

Red 0.9203 0.9881 0.9299 0.9559

Green 0.7834 0.9967 0.7860 0.8598

Table 3	 Mean F1-score by fruit colour and colour space

Fruit colour HSV LAB RGB YCbCr

Yellow 0.9763 0.6967 0.9392 0.5253

Orange 0.9193 0.5154 0.3638 0.5659

Red 0.9953 0.9223 0.9924 0.9136

Green 0.9967 0.7236 0.9959 0.7232



173

Acta Technologica Agriculturae 3/2026 Maxwell Salazar, Paola Portero, Santiago Perez

Fig. 3	 Qualitative segmentation examples across all four colour spaces. Each panel displays masks (top row) and segmented 
output (bottom row) for the reference image

a) HSV

b) RGB

c) LAB

d) YCbCr
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Descriptive analysis 
and visualization

Figures 4, 5, and 6 visualise the  mean 
IoU, precision/recall, and F1-score 
per colour space, respectively. HSV 
achieves the  highest IoU (0.947), 
exceeding RGB (0.772) by 0.175 points 
and outperforming LAB (0.581) and 
YCbCr (0.545) by wider margins, 
confirming that HSV produces masks 
substantially more aligned with ground 
truth boundaries. The  precision-recall 
analysis (Fig. 5) reveals a  clear trade-
off: RGB achieves near-perfect recall 
(0.993) at the  cost of  low precision 
(0.774), confirming systematic over-
segmentation, whereas HSV is the only 
method achieving high values on 
both axes simultaneously (precision = 
0.986, recall = 0.960). The  F1-score 
distribution (Fig. 6) reinforces this 
ranking: the gap between HSV (0.972) 

and RGB (0.823) is 0.149 points – 
larger than the  gap between RGB 
and the  lowest-performing method 
YCbCr (0.682) – suggesting that HSV 
operates in a  qualitatively different 
performance tier rather than being 
merely incrementally superior.

Figures 7 and 8 address consistency 
across images. HSV‘s IoU distribution is 
concentrated in the upper range (IQR = 
0.05) with few low-value outliers, 
whereas RGB shows a  wider spread 
(IQR = 0.12) with values falling below 
0.20 in the  most challenging images. 
The  Dice coefficient distributions 
(Fig. 8) corroborate this pattern: HSV 
shows a  median exceeding 0.97 with 
a  tight interquartile range, while LAB 
and YCbCr exhibit median values near 
0.70 with high variance, indicating 
inconsistent performance across 
image and fruit colour combinations.

in shadowed or chromatically variable 
regions, consistent with their low recall 
values. These qualitative patterns 
reinforce the  quantitative findings 
and highlight that all four colour 
spaces are evaluated on static images 
acquired under controlled indoor 
conditions, with a  fixed resolution 
of 640 × 480 pixels. The potential effect 
of resolution changes on segmentation 
performance was not evaluated in this 
study; however, since threshold-based 
segmentation operates on per-pixel 
chromatic values independently 
of  spatial resolution, the  impact 
of  moderate resolution changes is 
expected to be limited to boundary 
precision rather than overall chromatic 
separability.

Statistical analysis
To assess whether the  observed 
performance differences among colour 
spaces are statistically significant 
under matched conditions, a Friedman 
test was applied to the F1-scores using 
matched blocks defined by (image, fruit 
colour), treating the four colour spaces 
as repeated-measures conditions. 
The  significance level was set at α = 
0.05. The  Friedman test yielded a  test 
statistic of χ² = 312.19 with 3 degrees 
of  freedom (df = 3), corresponding 
to a  critical value of  χ²_crit(3, 0.05) 
= 7.815. Since the  observed statistic 
far exceeds the  critical value, the  null 
hypothesis of  equal distributions 
across colour spaces was rejected 
(p = 2.29 × 10-⁶⁷; Kendall‘s W = 0.631), 
confirming that at least one colour 
space performs significantly differently 
from the others.

Post-hoc pairwise comparisons 
were conducted using two-sided 
Wilcoxon signed-rank tests comparing 
HSV against each alternative colour 
space. The  Bonferroni-corrected 
significance threshold for the  six 
simultaneous pairwise comparisons 
is α_corr = 0.05/6 ≈ 0.0083 (critical 
z-value ≈ 2.638 for a  two-sided test). 
All pairwise comparisons yielded 
corrected p-values substantially below 
this threshold: HSV vs. RGB (p_corr  = 
1.23 × 10-¹⁵), HSV vs. LAB (p_corr  = 
2.40 × 10-²⁸), and HSV vs. YCbCr 
(p_corr = 2.40  × 10-²⁸), confirming 
that HSV significantly outperforms all 
three alternative colour spaces under 
the  experimental conditions of  this 
study.

 
Fig. 4	 Average IoU per colour space

 
Fig. 5 Average precision and recall per colour space
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Fig. 6	 Average F1-score per colour space

 
Fig. 7	 Distribution of IoU across samples (boxplot)

The experimental results 
demonstrate clear and statistically 
significant performance differences 
among the  four evaluated colour 
spaces for threshold-based fruit 
segmentation. HSV achieved 
the  highest overall performance 
(mean F1-score = 0.972, mean 
IoU = 0.947), attributable to its 
effective separation of  chromatic 
information (hue channel, H) 
from luminance (value channel, 
V), which enables robust colour-
based thresholding under variable 
illumination conditions. This finding 
is consistent with previous studies 
reporting HSV‘s superiority for 
real-time colour segmentation in 
agricultural environments (Hamuda 
et al., 2016; Hu et al., 2016; Moreira 
et al., 2022). The  higher absolute 
F1-scores observed in the  present 
study relative to some prior works 
likely reflect the  controlled indoor 
acquisition conditions, which, while 
realistic in terms of  illumination 
variability, do not replicate the  full 
complexity of  outdoor field 
environments.

RGB ranked second (F1-score = 
0.823) but exhibited a characteristic 
over-segmentation pattern, 
achieving near-perfect recall (0.993) 
at the  cost of  substantially lower 
precision (0.774). This behaviour 
is explained by the  coupling 
of  luminance and chromaticity 
within the  RGB channels: under 
variable illumination, background 
pixels with warm or bright tones 
can fall within the  calibrated 
RGB threshold range of  fruit 
pixels, producing systematic 
false positives. LAB performed 
moderately (F1-score = 0.714), 
with high precision (0.939) but 
low recall (0.604), indicating that 
the  fixed min/max thresholds 
calibrated from a  single ROI were 
insufficient to capture the  full 
chromatic variability of  fruit 
pixels across the  144 evaluation 
images, particularly under shadow 
regions where L* values deviate 
significantly from the  reference. 
YCbCr showed the  lowest overall 
performance (F1-score = 0.682) 
despite high precision (0.953), 
suggesting that its chrominance 
components (Cb, Cr) do not provide 
sufficient separability between  Fig. 8	 Distribution of Dice coefficient (F1-score) values across all colour spaces
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fruit and  background chromatic distributions under 
the illumination conditions of this dataset.

Analysis by fruit colour revealed that orange fruits were 
the  most challenging category across all colour spaces 
(mean F1-score = 0.591), due to spectral overlap between 
orange hues and warm-toned background elements and 
higher tonal variability across images. Red and green fruits 
achieved the  highest mean F1-scores (0.956 and 0.860, 
respectively), consistent with their high chromatic contrast 
with the  neutral background. Qualitative inspection 
confirmed characteristic failure modes: HSV under-segments 
in low-illumination regions and struggles with orange hues 
that overlap background elements; RGB produces false 
positives in bright and warm-toned backgrounds; LAB misses 
fruit pixels in high-contrast or shadowed areas; and YCbCr 
confuses fruits with chromatically similar backgrounds in 
the Cb–Cr space.

Comparison with machine learning-based approaches
A relevant dimension for contextualising the present results 
is the comparison of threshold-based colour segmentation 
with machine learning and deep learning approaches. 
Convolutional neural network-based detectors  – such as 
YOLO architectures – have demonstrated high accuracy 
in real-time fruit detection tasks in agricultural settings, 
achieving F1-scores exceeding 0.90 on challenging 
outdoor datasets (Aljaafreh et al., 2023; Zhang et al., 2024). 
However, these methods require annotated training 
datasets, significant computational resources for training, 
and hardware accelerators (GPU) for real-time inference on 
embedded systems. In contrast, the  threshold-based HSV 
pipeline proposed in this study achieved a  mean F1-score 
of  0.972 under controlled conditions without any training 
phase, requiring only a single reference image for calibration, 
and is executable on CPU-only embedded hardware with 
minimal memory footprint. This positions threshold-based 
HSV segmentation as a  competitive baseline for scenarios 
where computational constraints are severe, training data 
is unavailable, or rapid deployment without offline training 
is required. The  key limitation of  the  proposed approach 
relative to machine learning methods is its sensitivity to 
illumination changes beyond the  calibrated range and 
its reduced generalisation to unseen backgrounds, fruit 
varieties, or acquisition conditions – limitations that deep 
learning models partially overcome through learned 
feature representations. Future work should include a direct 
quantitative comparison between the  proposed pipeline 
and lightweight deep learning models (e.g., MobileNet-SSD, 
YOLOv8-nano) under matched experimental conditions to 
establish a rigorous performance – complexity trade-off.

Limitations
Several limitations of  this study must be acknowledged. 
First, ground truth masks were generated via HSV-based 
initialisation followed by manual refinement, which may 
introduce a  systematic annotation bias favouring HSV-
detected regions. Although inter-annotator agreement 
was substantial (Cohen‘s Kappa = 0.87), a  degree of  HSV 
performance overestimation cannot be fully excluded. 
Second, colour range calibration relied on min/max 
bounds derived from a  single reference image, limiting 

robustness to illumination variability beyond the calibrated 
range; a  percentile-based alternative improved stability 
for orange fruits but slightly reduced overall F1-score, 
so the  min/max method was retained as the  primary 
strategy. Third, no illumination normalisation was applied 
prior to segmentation; preprocessing techniques such as 
histogram equalisation or adaptive gamma correction could 
further improve performance under high-contrast or low-
illumination conditions. Fourth, the dataset comprises 144 
images captured in a single indoor laboratory environment 
with a neutral background, which limits the generalisability 
of  the  conclusions to more diverse acquisition conditions, 
backgrounds, and fruit varieties. Evaluation on larger and 
more varied datasets would strengthen the external validity 
of  the findings. Finally, the RGB baseline was processed in 
OpenCV‘s default BGR channel order, which is internally 
consistent throughout the  pipeline but should be noted 
explicitly for reproducibility purposes.

Conclusion
This study presented a systematic and statistically validated 
comparative evaluation of  four colour spaces – RGB, HSV, 
CIE L*a*b* (LAB), and YCbCr – for threshold-based fruit 
segmentation in agricultural images. A dataset of  144 
images encompassing four fruit colour categories (red, 
green, orange, and yellow) was used to assess performance 
across 2304 mask evaluations using intersection over union, 
precision, recall, and F1-score as evaluation metrics.

The results clearly establish HSV as the  most accurate 
and consistent colour representation for the  proposed 
segmentation task, achieving a  mean F1-score of  0.972 
and a  mean IoU of  0.947, outperforming RGB (F1-score  = 
0.823), LAB (F1-score = 0.714), and YCbCr (F1-score = 0.682) 
by statistically significant margins confirmed through 
a  Friedman test and post-hoc Wilcoxon signed-rank 
tests with Bonferroni correction. The  superiority of  HSV 
is attributed to its effective decoupling of  chromatic 
information from luminance, which provides robust fruit-
background separability under variable indoor illumination. 
RGB exhibited systematic over-segmentation due to 
luminance–chromaticity coupling, while LAB and YCbCr 
showed conservative under-segmentation attributed to 
the  limited generalisation of  fixed thresholds calibrated 
from a single reference image.

From a  practical standpoint, the  proposed 
pipeline constitutes a  reproducible, training-free, and 
computationally lightweight framework suitable for 
deployment in resource-constrained embedded robotic 
harvesting systems where deep learning approaches are 
infeasible due to hardware limitations. The pipeline requires 
only a single reference image for colour threshold calibration 
and operates with minimal memory and processing 
overhead, making it directly applicable to real-time 
agricultural automation scenarios. However, it is important 
to emphasise that the  experimental conditions of  this 
study were controlled: images were acquired indoors under 
variable natural diffuse lighting, on a  neutral background, 
and at a fixed camera distance of 50 cm. The transferability 
of the reported performance to uncontrolled outdoor field 
conditions – where illumination intensity, directionality, 
background diversity, and fruit appearance variability are 
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substantially greater – cannot be guaranteed without 
additional validation. Deployment in outdoor environments 
would require either adaptive threshold recalibration 
under field conditions or the  integration of  illumination 
normalisation preprocessing to maintain the segmentation 
performance observed in this study.

The three primary scientific contributions of  this work 
are:
1.	 a  reproducible comparative evaluation framework for 

colour space selection in agricultural fruit segmentation; 
2.	 rigorous non-parametric statistical validation 

of  performance differences across colour spaces and 
fruit colour categories;

3.	 practical decision guidance for colour space selection 
in lightweight real-time segmentation pipelines, 
including the identification of orange fruits as the most 
challenging category requiring dedicated attention in 
future calibration strategies.

Future research directions include:
1.	 the  development of  adaptive and robust calibration 

methods, such as percentile-based threshold 
estimation over multiple reference images, to improve 
generalisation to unseen illumination conditions;

2.	 the  integration of  illumination normalisation 
preprocessing – such as histogram equalisation or 
adaptive gamma correction – prior to segmentation, to 
extend applicability to outdoor and field environments; 

3.	 the  expansion of  the  evaluation dataset to include 
additional fruit species, diverse backgrounds, and 
outdoor acquisition conditions to strengthen 
the external validity of the conclusions;

4.	 the  integration of  shape and texture descriptors as 
complementary features for hybrid segmentation 
pipelines that reduce reliance on chromatic thresholding 
alone;

5.	 a direct quantitative comparison with lightweight deep 
learning segmentation models – such as YOLOv8-nano 
or MobileNet-based architectures – under matched 
experimental conditions, to establish a  rigorous 
performance – complexity trade-off for embedded 
agricultural systems.
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