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ABSTRACT 
 

Coffee crema is a key visual indicator of espresso extraction quality, yet practical, real-time automated 
analysis of crema remains challenging. Existing crema analysis methods remain limited because they rely on 
dense pixel-level processing, RGB-sensitive analysis, and semi-manual segmentation, which increase 
computational overhead and reduce robustness under practical imaging conditions. This study proposes a 
lightweight real-time espresso crema analysis pipeline that integrates automatic cup detection using the 
Circular Hough Transform, illumination-robust color processing in the CIELAB color space, SLIC 
superpixel segmentation, and K-Means++ clustering. By replacing dense pixel-wise clustering with region-
level superpixel abstraction, the proposed approach reduces the number of analysis units while preserving 
crema area extraction and dominant color characterization. Experiments conducted on round-glass espresso 
images derived from the dataset of Choi et al. show that the proposed pipeline reduces the number of analysis 
units from 121,789 pixels to 28,979 superpixels, corresponding to a reduction in data complexity of more 
than 75%. The resulting crema area remains high across samples, ranging from 84% to 95%. In addition, the 
proposed method achieves a processing time of 4.07 s per image, compared with 6.1 s reported for the 
reference GrabCut-based pipeline, indicating a 33% runtime reduction. These findings demonstrate that 
region-level visual abstraction can preserve extraction-relevant crema information while improving 
computational efficiency. The main contribution of this work is the demonstration that automatic geometric 
ROI localization, perceptually robust color representation, and superpixel-based clustering can form a 
practical and scalable alternative to prior pixel-wise crema analysis pipelines for real-time espresso 
monitoring systems. 

Keywords: Machine Learning, Color Clustering, Hough Circle Transform, Superpixel Segmentation, Coffee 
Crema, Espresso 

 
1. INTRODUCTION  
 

Coffee is among the world’s most widely 
consumed beverages, valued for the diversity of 
flavors that arise from differences in bean origin, 
roasting profile, and brewing technique. Among 
various preparation methods, espresso represents a 
highly concentrated form of coffee extraction 
achieved by forcing hot water through finely ground 
coffee under controlled pressure. A defining visual 
characteristic of espresso is crema, the thin golden-
brown foam that forms on the surface of the shot. 
The appearance of crema encompassing color, 
thickness, uniformity, and surface coverage has been 
shown to correlate with important sensory attributes 
such as balance, body, and perceived aroma, making 

it a widely accepted visual indicator of extraction 
performance.  [1] 

The formation and appearance of crema are 
governed by a set of interacting process variables, 
including grind size, tamping force, coffee dose, 
water temperature, pressure, and extraction time. 
Even minor variations in these parameters can 
produce observable changes in crema characteristics 
that are commonly interpreted by skilled baristas 
during quality assessment. Formal evaluation 
frameworks and guidelines, such as those provided 
by the Specialty Coffee Association of America 
(SCAA), define desirable extraction outcomes and 
support consistency in professional practice [2].  
Nevertheless, in most operational settings, crema 
evaluation still relies heavily on subjective human 
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judgment, which is inherently influenced by 
individual experience, environmental conditions, 
and situational context. This subjectivity poses 
challenges for reproducibility and scalability, 
particularly in automated and robotic café 
environments where rapid, consistent, and on-device 
decision making is required [3]. 

In response to these limitations, recent research 
has explored the application of computer vision and 
machine learning techniques for automated espresso 
analysis. Typical image-based methods first locate 
the crema and then extract its color and texture 
features to produce an objective measure of 
extraction quality. Some approaches then group 
similar visual features to distinguish different 
extraction conditions based on how the crema looks. 
However, many of these techniques operate at the 
pixel level over the whole image or crema region, 
which is computationally costly and prone to errors 
from background clutter, lighting changes, and 
varying image resolution limitations that make them 
unsuitable for real-time use on low-power or 
embedded devices where speed and energy 
efficiency are essential. 

For real-time espresso monitoring systems, 
computational efficiency is not merely an 
optimization target but a functional requirement. 
Processing high-dimensional visual data without 
effective abstraction often results in redundant 
computations that do not proportionally improve 
analytical effectiveness. In applications such as 
automated brewing control and on-device extraction 
monitoring, the ability to reduce unnecessary data 
processing while preserving extraction-relevant 
visual information becomes a key design 
consideration. These constraints highlight the need 
for lightweight analysis pipelines that balance 
analytical effectiveness, processing speed, and 
energy efficiency. 

Automated crema analysis using GrabCut-based 
foreground segmentation combined with K-Means 
color clustering on a resource-constrained embedded 
platform has been demonstrated in prior work [11]. 
Despite this contribution, the approach retains three 
characteristics that limit its scalability for real-time 
deployment, the GrabCut segmentation requires a 
manually specified rectangular initialization region, 
which precludes full pipeline automation, color 
analysis is performed directly in the RGB color 
space, which is sensitive to illumination variations 
without perceptual normalization; and clustering 
operates at the full pixel level, yielding a processing 
time of 6.1 seconds on a mid-range processor. These 
limitations collectively define the core problem 

addressed in this study: the absence of a fully 
automated, illumination-robust, and computationally 
efficient crema analysis pipeline capable of 
operating on hardware with lower computational 
specifications, by reducing the number of analysis 
units prior to clustering while preserving crema area 
coverage as the primary measure of extraction 
analysis effectiveness. 

The main contributions of this study are as follows: 

● We propose a fully automated espresso crema 
analysis pipeline that replaces manual GrabCut-
based segmentation with Circular Hough 
Transform-based ROI localization, eliminating 
the need for user-specified initialization regions. 

● We demonstrate that superpixel-based region 
abstraction reduces the number of analysis units 
by more than 75% and achieves a 33% reduction 
in processing time relative to the pixel-level 
reference method, on hardware with lower 
computational specifications. 

● We provide empirical evidence that the 
proposed pipeline preserves crema area 
coverage as an extraction effectiveness measure 
at a level comparable to the pixel-level reference 
approach. 

These contributions are guided by the hypothesis 
that superpixel-based region abstraction, combined 
with automatic circular ROI localization and 
perceptually uniform color representation, can 
reduce the volume of data presented to the clustering 
stage by more than 75%, leading to faster processing 
on lower-specification hardware, while the resulting 
crema area coverage remains within a range 
functionally comparable to that of the pixel-level 
reference method. This hypothesis rests on the 
premise that pixel-level redundancy does not 
proportionally contribute to the crema color 
characterization required for extraction effectiveness 
assessment. Beyond computational performance, 
this design aligns with sustainable and green 
computing principles, wherein reducing processing 
complexity and execution time directly contributes 
to lower energy consumption in deployed machine 
learning systems [4]. Lightweight, region-focused 
pipelines are particularly suited to embedded 
applications where responsiveness and energy 
efficiency are operational requirements rather than 
optional optimizations. 

While prior approaches to espresso crema analysis 
rely predominantly on pixel-level processing, RGB 
color representation, and semi-manual segmentation 
[11], the present study introduces a fully automated 
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alternative that operates in a perceptually uniform 
color space and applies region-level abstraction prior 
to clustering. This shift reduces the volume of data 
processed at each stage while preserving the 
dominant color patterns essential for crema area 
determination. The design directly addresses the 
scalability and efficiency limitations identified in the 
problem statement, and the contributions described 
above provide empirical evidence for the viability of 
this approach. Together, these elements form a 
lightweight and practical pipeline suitable for 
deployment on resource-constrained hardware in 
automated café environments, consistent with recent 
advances in energy-efficient edge computing 
frameworks for automated industrial systems [5]. 

2. RELATED WORK 

Visual characteristics such as color 
distribution, surface uniformity, and texture have 
long been employed as key indicators in coffee 
quality assessment across both roasting and 
extraction stages. Several studies report that a more 
uniform roast color is closely associated with 
improved physicochemical properties and enhanced 
sensory quality, implying that visual uniformity 
reflects optimal roasting conditions and provides a 
robust basis for image-based coffee quality analysis 
[6]. Moreover, cross-study empirical investigations 
indicate that roast color is a stronger predictor of 
perceived flavor attributes such as bitterness, acidity, 
sweetness, and fruitiness than roasting time, further 
underscoring the central role of color information in 
automated coffee quality evaluation [7]. However, 
these studies focus primarily on bean-level quality 
and roast color characteristics, leaving a gap in 
automated real-time assessment of crema formation 
during the extraction stage itself. 

In computer vision, reliable visual analysis 
depends critically on a system’s ability to focus 
processing on relevant regions. Accurate 
localization of the region of interest (ROI) has been 
shown to reduce background clutter and illumination 
variability. Several studies report that shape-based 
localization approaches are highly effective at 
detecting circular structures in noisy real-world 
images, enabling consistent isolation of central 
object regions and supporting subsequent color and 
texture analysis [8] [9]. This strategy is widely used 
in image analysis systems because it enhances the 
reliability of visual features extracted from the 
primary object. Nevertheless, these shape-based 
localization approaches have not been systematically 
evaluated for automatic circular cup boundary 
detection in real-world espresso extraction 
scenarios, where significant reflections and shadows 
are present. 

Beyond analytical accuracy, computational 
efficiency has become an increasingly important 
factor, particularly for real-time applications on 
resource-constrained devices. Studies in lightweight 
computer vision and embedded systems demonstrate 
that reducing the amount of data to be processed, for 
example by discarding irrelevant regions and 
adopting region based image representations, can 
substantially accelerate computation without 
sacrificing essential visual information [10] Region 
level abstraction strategies and simple unsupervised 
color grouping methods have therefore been widely 
applied to speed up processing and reduce system 
latency, making them well suited for visual analysis 
tasks that require rapid response. These findings 
indicate that efficiency processing strategies are 
highly relevant for enabling automated and real-time 
espresso crema analysis, especially in environments 
such as robotic cafés and automated coffee brewing 
systems. Despite this evidence, the direct application 
of superpixel-based data reduction to espresso crema 
color analysis on resource-constrained hardware has 
not been explored prior to this work. 

The above review reveals a consistent research 
gap: while lightweight computer vision techniques 
and superpixel-based abstraction are well established 
in adjacent domains, their integration into a fully 
automated espresso crema analysis pipeline has not 
been demonstrated. Prior crema analysis methods, 
notably Choi et al. [11], employ pixel-level 
processing, RGB color representation, and semi-
manual GrabCut segmentation, which limit 
automation and impose computational overhead 
unsuitable for embedded deployment. Accordingly, 
the central research question of this study is: Can 
superpixel-based region abstraction replace dense 
pixel-level operations in espresso crema analysis 
while preserving crema area detection effectiveness 
on a lower-specification resource-constrained 
device? 

3. THEORY AND METHOD 
 
The method employed in this study is inspired 

by prior research in computer vision-based visual 
analysis and unsupervised learning, particularly 
studies focusing on the automated evaluation of 
object surface quality. Given that the primary 
objective of this work is to provide real-time 
espresso crema analysis, the proposed method is 
designed to be lightweight, simple, and suitable for 
execution on resource-constrained devices, such as 
robotic café systems or automated coffee machines. 

The espresso image dataset used in this study 
was derived from the collection introduced by Choi 
et al. [11], who developed a lightweight machine 
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learning system for crema analysis. The dataset 
comprises top-view photographs captured 
immediately after extraction, enabling consistent 
observation of the crema surface. Their findings 
indicated that image acquisition and color-based 
crema analysis were more stable when round glass 
cups were used. Accordingly, this study restricts its 
evaluation and pipeline optimization to the subset of 
images depicting round glass cups. 

For reproducibility, the proposed pipeline was 
implemented in Python 3.8.1, consistent with the 
implementation environment reported by Choi et al. 
[11]. Core image processing operations were 
performed using OpenCV 4.x (cv2), including the 
cv2.ximgproc extension module for SLIC superpixel 
generation, and NumPy for numerical array 
operations. All experiments were conducted on an 
HP laptop equipped with an Intel Core i7-4510U 
processor (released 2014), 16 GB RAM, running 
Windows 10 Home, via Jupyter Notebook executed 
within Visual Studio Code (VSCode). Input images 
from the dataset are loaded at their native resolution 
of 500×500 pixels; following Circular Hough 
Transform-based cup boundary detection, a 
contracted inner region (r − 12 pixels) is extracted as 
the ROI, yielding a circular crop of approximately 
394×394 pixels. SLIC superpixel segmentation is 
applied using the SLICO algorithm with region_size 
= 2 and ruler (compactness) = 2, iterated for 10 steps 
with connectivity enforcement. K-Means++ 
clustering is subsequently applied to the CIELAB 
feature vectors of foreground superpixels using K = 
4 clusters, with termination at a maximum of 80 
iterations or a convergence tolerance of 1×10⁻⁴, 
repeated across 10 independent initialization 
attempts to improve stability. 
 
3.1 Circular Hough Transform 
 

To focus analysis on the relevant area, the 
system automatically localizes the region of interest 
(ROI) using the geometric shape of the espresso cup. 
Because a cup viewed from above approximates a 
circle, a shape-based localization approach is 
employed: the Circular Hough Transform (CHT). 
CHT maps edge pixels into a parameter space and 
applies a voting scheme to detect the most strongly 
supported circle in the image. The circle is described 
by the equation. 

 
As expressed in (1), (𝑥଴, 𝑦଴) represent the circle 

center and and  𝑟 denotes the radius. The parameters 
obtaining the maximum votes in the accumulator 
space are selected as the detected cup boundary. The 

area enclosed by this boundary is extracted as the 
ROI, while regions outside the circle are discarded 
to minimize background clutter and illumination 
variations [12]. 

 
3.2 Simple Linear Iterative Clustering 
 

After the image is represented in the form of 
superpixels, each region is summarized using its 
mean color value as a visual descriptor. As a result, 
subsequent analysis is no longer performed at the 
level of individual pixels but at the region level, 
which significantly reduces the amount of data to be 
processed without discarding essential visual 
information from the crema surface. This region-
based abstraction enables a reduction in data 
complexity while preserving dominant color 
patterns that are relevant for assessing espresso 
extraction quality. 

To improve computational efficiency and 
reduce the complexity of full pixel-level processing, 
the region of interest image is represented using a 
superpixel-based approach. Superpixels group 
pixels with similar color characteristics and spatial 
proximity into smaller, visually meaningful regions, 
thereby significantly reducing the number of 
elements to be processed without removing the 
essential structural information of the image. 

In this study, the Simple Linear Iterative 
Clustering (SLIC) algorithm is employed to perform 
superpixel segmentation. SLIC formulates 
superpixel generation as a local clustering process in 
a five-dimensional feature space that combines color 
and spatial information, namely (𝑙, 𝑎, 𝑏, 𝑥, 𝑦) where 
(𝑙, 𝑎, 𝑏) correspond to the CIELAB color 
components and (𝑥, 𝑦) denote the spatial coordinates 
of pixels in the image. Let 𝑁 denote the total number 
of pixels within the region of interest (ROI) and 𝐾 
the desired number of superpixels. The initial 
spacing between superpixel centers is defined as: 

 

𝑆 = ඨ
𝑁

𝐾
                     (2) 

 
The grid interval 𝑆 which determines the initial 

spacing between superpixel centers, is computed 
using (2), where 𝑁 denotes the total number of pixels 
in the ROI and 𝐾 represents the predefined number 
of superpixels. During the iterative clustering 
process, each pixel is compared only with cluster 
centers within a limited local neighborhood, thereby 
reducing computational complexity. Pixel 
assignment is then performed by minimizing a 
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composite distance metric that integrates both color 
similarity and spatial proximity, as expressed in (3): 

 

𝐷 = ඨ𝑑௟௔௕
ଶ + ቀ

𝑚

𝑆
ቁ

ଶ

𝑑௫௬
ଶ                 (3) 

 
In (3), 𝑑௟௔௕  represents the color distance in the 

CIELAB space, 𝑑௫௬  denotes the spatial distance 
between pixels, and 𝑚 is the compactness parameter 
that controls the balance between color similarity 
and spatial compactness of the resulting superpixels. 
[12] Representing images using superpixels 
drastically reduces the number of analysis units 
compared to full pixel-level processing. 
Consequently, subsequent color clustering can be 
performed more efficiently and with greater 
stability. This characteristic makes the proposed 
approach particularly suitable for real-time espresso 
crema analysis on systems with limited 
computational resources. 
 
3.3 Determining the Optimal K   
 

 
Figure 1: Determining the K optimum value of the Elbow 

method. The multicolored dashed circles represent a 
visualization of the image array in 3D space (K-means 

cluster counts). 

The optimal number of clusters K was identified 
using the elbow method, applied by computing K-
Means inertia over K = 1 to 6 on the CIELAB 
superpixel feature set, with the result shown in 
Figure 1. K = 4 was selected based on two 
converging considerations: (i) alignment with the 
cluster count adopted in [11], based on the 
observation that crema images contain 
approximately four color gradations, enabling direct 
comparability of crema color characterization 
between the two studies; and (ii) preservation of 
crema color granularity, where K = 2 or K = 3 — 
although yielding larger inertia drops in our data — 
would aggregate distinct brown shades into single 
clusters, losing the color resolution needed for crema 
effectiveness analysis. As elbow method 
interpretation is inherently subjective, 
supplementing the inertia curve with domain-
specific reasoning provides a stronger basis for K 
selection. The clustered three-dimensional CIELAB 
distribution shown in Figure 1 visually confirms that 

four clusters adequately separate the dominant 
crema color regions. 
 
3.4 K-means Algorithm   
 

After the image is represented in the form of 
superpixels, color analysis is performed using an 
unsupervised clustering approach based on the K-
Means algorithm. K-Means [13] is a widely used 
clustering method that partitions data into a 
predefined number of clusters by minimizing the 
distance between each data point and its 
corresponding cluster centroid. The primary 
advantage of K-Means lies in its computational 
efficiency, as each iteration only involves distance 
calculations between feature vectors and cluster 
centroids. 

Despite its simplicity and speed, K-Means has 
inherent limitations, particularly the requirement to 
specify the number of clusters in advance and its 
sensitivity to centroid initialization. In the context of 
espresso crema analysis, however, these limitations 
can be effectively managed, since the color 
variations on the crema surface are typically limited 
and relatively consistent. As a result, K-Means 
remains a suitable choice for color clustering at this 
stage, especially when combined with a reduced data 
representation. 

To improve clustering stability and accelerate 
convergence, this study employs the K-Means++ 
initialization scheme, which selects initial cluster 
centers based on the distribution of distances among 
data points. This strategy yields more consistent 
clustering results compared to random initialization, 
while preserving the computational efficiency of K-
Means. Clustering is applied to superpixel-level 
color features rather than individual pixels, 
significantly reducing the computational burden and 
supporting real-time espresso crema analysis on 
systems with limited computational resources. 
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Figure 2: Flowchart of the proposed superpixel-based 
real-time espresso crema analysis pipeline.  

All stages of the proposed method are designed 
in a sequential manner to minimize the 
computational load at each processing step. By 
constraining the analysis to a relevant region of 
interest, reducing data dimensionality through 
region-based abstraction, and employing a simple 
yet effective clustering method, the system is able to 
support automated and real-time espresso crema 
analysis. The overall workflow of the proposed 
approach is summarized in the flowchart shown in 
Figure 2, which illustrates the processing pipeline 
from preprocessing to the visualization of crema 
clustering results. 

 
3.5  Evaluation Using Agtron Standard 
 

As a reference for interpreting the results of 
crema color distribution, this study adopts the 
Agtron standard introduced by the Specialty Coffee 
Association of America (SCAA). The Agtron scale 
is widely used to characterize the degree of coffee 
roasting based on color perception, with values 
ranging from 0 (black) to 100 (white) [14]. Within 
the scope of espresso crema analysis, this standard 

serves as a structured and widely recognized 
framework for associating color attributes with 
coffee extraction parameters. In general, based on 
this classification system, coffee bean color is 
grouped into three primary categories, namely light, 
medium, and dark roast levels [15]. 

 
Table 1. Overview of Flavor and Fragrance Profiles 

Across Various Roast Levels[11] 

Roast 
Classification 

Feature of 
Taste 

SCAA  
Color 
Tile 

Agtron  
Number 

RGB 
Color 

Very Light 
Pungent 
and sour 

95 80–95 
206, 

129, 1 

Light 

Strong 
acidity 
and subtle 
body 

85 70–80 
196, 

124, 4 

Moderately 
Light 

Bright and 
sour 

75 60–70 
180, 

107, 12 

Light 
Medium 

Zest 65 60–70 
153, 

85, 21 

Medium * 

Light 
acidity, 
light-
bodied 

55 50–60 
139, 

75, 27 

Moderately 
Dark 

Delicate 
acidity, 
full-
bodied 

45 45–50 
122, 

71, 25 

Dark 
Strong 
sweetness, 
bitterness 

35 35–40 
103, 

63, 28 

Very Dark 
Weak 
sweetness, 
burnt taste 

25 25–30 
83, 44, 

27 

 

Light Roast: Coffee beans in this category fall 
within the Agtron range of 70–85. They are 
characterized by a pale brown appearance and are 
generally preferred for brewing coffee with a more 
delicate and subtle flavor profile. 

Medium Roast: This roast level is defined by 
Agtron values of 55–70, resulting in a deeper brown 
hue than light roasts. Often utilized to achieve a 
harmonious and balanced taste, beans at the Agtron 
55 mark are frequently selected as the optimal point 
for extraction. 

Dark Roast: Beans with an Agtron score under 
55 are classified as dark roast. These beans exhibit a 
very dark, nearly black coloration and are the 
primary choice for creating coffee with a powerful, 
bold, and intense character. 

Table 1 summarizes the relationship between 
roast level classification, sensory characteristics, 
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Agtron values, and RGB color representations as 
reported in previous studies. In general, coffee with 
light to medium roast levels falls within the mid-
range of Agtron values, which are commonly 
associated with the characteristic brown coloration 
of optimal espresso crema. In contrast, higher or 
lower Agtron values correspond to under-extraction 
or over-extraction conditions, respectively, which 
are typically manifested by excessively light or 
overly dark color tones. 
 

4. Result and Discussion 
 

This study is evaluated by following the 
methodological workflow described in Section 3. All 
experiments are conducted to assess the 
effectiveness of the proposed espresso crema 
analysis pipeline, with particular emphasis on 
computational efficiency and feasibility for real-time 
application. The methodological workflow is 
illustrated in Figure 2. 

  
 

Figure 3: Region of Interest Detection  

The initial stage of the evaluation focuses on the 
automatic localization of the region of interest 
(ROI). Figure 3 presents the results of cup boundary 
detection using a circular structure detection 
approach, in which the area enclosed by the detected 
circle is extracted as the ROI corresponding to the 
crema surface. This approach effectively constrains 
the analysis region and suppresses background 
interference before subsequent processing stages are 
applied. 

 

 
Figure 4: ROI extraction of the crema surface using 

circle detection-based masking. 
 

After the localization and detection of the cup 
boundary, the crema surface is extracted as the 

region of interest (ROI) using a masking technique. 
Figure 4 illustrates the ROI extraction results, where 
the area inside the detected cup boundary is 
preserved while the background is removed. The 
extracted ROI then serves as the primary input for 
the subsequent color analysis stage. 

 

 
Figure 5:  CIELAB color channels (L, a, b)  

After the crema surface ROI has been 
successfully extracted, the image is converted into 
the CIELAB color space for further color analysis. 
Figure 5 presents separate visualizations of the L, a, 
and b channels in the form of intensity (grayscale) 
images. The L channel represents the luminance 
information of the crema surface, while the a and b 
channels encode chromatic information numerically, 
corresponding to the red–green and yellow–blue 
axes, respectively. Although visualized in grayscale, 
the intensity variations in the a and b channels reflect 
the underlying color value distributions that are 
subsequently used for segmentation and clustering. 

The transformation to the CIELAB color space 
is performed to improve the robustness of color 
analysis against illumination variations and to ensure 
that the color differences processed computationally 
are aligned with human visual perception. This color 
representation then serves as the basis for the 
superpixel segmentation and color clustering stages 
in the subsequent processing steps. 

Based on the results of superpixel segmentation 
using the Simple Linear Iterative Clustering (SLIC) 
algorithm, a substantial reduction in the number of 
analysis units is achieved. For the crema surface 
ROI, the number of effective pixels analyzed prior to 
segmentation is 121,789 pixels, whereas after 
applying superpixel segmentation, the number of 
analysis units is reduced to 28,979 superpixels. This 
reduction corresponds to a decrease in data 
complexity of more than 75%, while the essential 
visual structure of the crema surface is preserved 
through region-based representation. 
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Figure 6: Superpixel segmentation using the SLIC 
algorithm. 

 
Figure 6 illustrates the superpixel segmentation 

results on the crema surface, where each superpixel 
represents a group of pixels with similar color 
characteristics and spatial proximity in the CIELAB 
color space. By representing the image at the region 
level, subsequent color clustering is performed on a 
more compact set of units rather than on individual 
pixels. This approach reduces computational load 
and enables a more controlled and efficient 
clustering process. 

After the image is reduced to the superpixel 
level, color grouping is performed using the K-
Means clustering algorithm with K = 4 as established 
in Section 3.3. With this configuration, clustering is 
applied to 21,557 superpixels, representing a 
substantial reduction relative to pixel-level 
processing and yielding a final inertia of 18.73, 
which indicates compact within-cluster cohesion in 
the CIELAB feature space. The outcome is a stable 
representation of the crema color distribution, which 
can then be mapped back onto the ROI image for 
subsequent spatial analysis. 

 
Figure 6: Distribution of clustering results. 

The color clustering results show that the crema 
surface is consistently segmented into four primary 
clusters, as illustrated in Figure 6. Each cluster is 
characterized by its centroid in the CIELAB color 
space and then mapped back to the RGB space to 
support intuitive visual interpretation. This 
representation enables a computational analysis of 
the crema color distribution while maintaining a 

strong correspondence with human visual 
perception. 

Following the evaluation scheme adopted in 
previous studies, not all clusters produced by the 
clustering process are interpreted as part of the 
crema area. Clusters exhibiting brownish color 
characteristics that closely correspond to typical 
crema tones are aggregated and considered 
representative of the crema region, while clusters 
with relatively lighter colors or those that do not 
reflect crema characteristics are excluded from the 
calculation. Based on this criterion, most of the 
region of interest is successfully associated with 
crema, covering approximately 84% of the analyzed 
surface. 

This result indicates that, despite the data 
reduction introduced by SLIC superpixel 
segmentation, the essential visual information 
related to the crema distribution is well preserved. 
The resulting cluster variations reflect tonal 
differences across the crema surface, which are 
associated with variations in crema thickness and 
non-uniformities in the espresso extraction process. 
 
4.1 Crema Comparison of Crema Analysis 
Results 
 
      Table 2  presents a comparison of espresso crema 
analysis results produced by the proposed 
superpixel-based pipeline. The estimated crema area 
across multiple samples remains high and consistent, 
with values between 84% and 95%. This consistency 
suggests that the combination of ROI localization, 
color space normalization, and region-based 
clustering effectively captures the dominant crema 
regions while minimizing the influence of 
background and non-crema areas. 
 
Table 2. Comparison of espresso crema analysis results 

using the proposed superpixel-based pipeline 
 

Original Superpixel Clustering 
Result 

Crema 
Area 

  

93% 

   

84% 

   

95% 
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93% 

 
       The circle-based ROI localization effectively 
suppresses background interference, allowing 
subsequent analysis to focus exclusively on the 
crema surface. Conversion to the CIELAB color 
space improves robustness against illumination 
variations, while the superpixel representation 
significantly reduces data complexity by replacing 
hundreds of thousands of pixels with a much smaller 
set of region-level units. Under these conditions, the 
K-Means algorithm can extract the crema color 
distribution in a stable and computationally efficient 
manner. These results demonstrate that the proposed 
pipeline preserves a high proportion of crema area 
comparable to pixel-level approaches, while 
simultaneously providing clear advantages in 
computational efficiency. 
 
4.2  Computational Performance Analysis 

 
To evaluate the feasibility of the proposed 

method for real-time monitoring scenarios, 
processing time was measured from image loading 
through the final visualization stage. All 
measurements were conducted using Jupyter 
Notebook executed within Visual Studio Code 
(VSCode), meaning that the reported runtime 
includes the entire computational pipeline as well as 
the visual rendering process observable by end users. 

 Image extraction and color analysis showed the 
most stable performance when espresso images were 
captured using round glass cups [9]. Accordingly, 
the color clustering evaluation in this study focused 
on this subset of images. The effectiveness of color 
clustering was assessed based on the proportion of 
surface area associated with crema-like colors, while 
excluding white or black regions that contributed 
negligibly to the crema signal. The results obtained 
fall within the range reported in previous work, 
indicating that the superpixel-based pipeline 
maintains reliable crema area identification. 
Furthermore, the tonal variations revealed by 
clustering exhibit consistent relationships with 
espresso extraction conditions, in agreement with 
commonly accepted espresso preparation standards.  
 
 
 
 
 

Table  3  Runtime measured using Visual Studio 
Code (VSCode) on  Laptop  

 
Specificatio
n 

Python Laptop 

Intel Core i7-
10510U 
CPU, 16 GB 
RAM, 
Windows 10 
Pro, Python 
3.8.1; 

Grabcut, 
Transparent, 

Color extraction 
6.1 s 

Intel Core i7-
4510U, 16 
GB RAM, 
Windows 10 
Home, 
Python 3.8.1 

Hough Circle 
Detection, 
Superpixel, 

Color 
Clustering 

4.07 s 

 
     Table 3 presents a comparison of runtime 
performance between the pipeline reported in the 
previous study and the proposed method in this 
work, each evaluated on different laptop 
configurations. Although the hardware 
specifications differ, the comparison primarily 
illustrates the impact of pipeline design on execution 
time. Notably, the proposed method was evaluated 
on a system equipped with an older Intel Core i7-
4510U processor (released in 2014), while the 
reference study employed a more recent Intel Core 
i7-10510U processor (released in 2019).  

The measurements indicate that the proposed 
pipeline, comprising automatic circle detection 
using the Hough Circle Transform, conversion to the 
CIELAB color space, SLIC superpixel 
segmentation, and K-Means clustering, achieves a 
processing time of approximately 4.07 seconds per 
image. This represents a 33% reduction compared to 
the 6.1 seconds reported for the reference pipeline 
based on GrabCut and color extraction, despite being 
executed on hardware with lower computational 
specifications.  

The observed speed improvement can be 
attributed to two principal factors. First, ROI 
localization based on circle detection restricts 
computation to the crema surface, thereby 
eliminating processing overhead associated with 
irrelevant background regions. Second, superpixel-
based image representation significantly reduces the 
number of analysis units prior to clustering, enabling 
the K-Means algorithm to operate on a more 
compact dataset while preserving dominant color 
patterns. These findings demonstrate that the 
improved runtime is primarily the result of 
algorithmic optimization rather than hardware 
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advantages, supporting the suitability of the 
proposed pipeline for deployment on resource-
constrained embedded platforms. 

With respect to the three research contributions 
stated in the Introduction, the following observations 
can be made. Regarding the first contribution, the 
proposed pipeline successfully replaces manual 
GrabCut initialization with Circular Hough 
Transform-based ROI localization, achieving full 
pipeline automation without user-specified region 
input. Regarding the second contribution, a 
processing time of 4.07 seconds was achieved on an 
Intel Core i7-4510U (2014) platform — hardware 
with lower computational specifications than the 
Intel Core i7-10510U (2019) used in the reference 
study [11]  yet the proposed method is 33% faster 
(4.07 s versus 6.1 s), demonstrating that the 
efficiency gain originates from algorithmic design 
rather than hardware advantage. Regarding the third 
contribution, crema area coverage of 84–95% across 
the evaluated samples falls within a range 
comparable to the 71–97% reported by Choi et al. 
[11] for their best-performing configuration, 
supporting the hypothesis that superpixel abstraction 
preserves crema detection effectiveness as the 
primary analysis measure. 

4.3 Limitations and Open Issues 

       The primary constraint of this study is that the 
evaluation dataset is restricted to the round glass cup 
subset from [11]. While image extraction with 
GrabCut requires manual specification of a 
rectangular bounding box region for each capture, 
the Circular Hough Transform method adopted in 
this study is specifically engineered for automatic 
detection of circular ROI geometries. This design 
choice enables complete pipeline automation 
without user intervention, but restricts applicability 
to cups with circular cross-sections. Generalization 
to alternative cup geometries (rectangular, cone-
shaped, etc.) would require integration of geometry-
adaptive segmentation methods, constituting a 
dedicated research direction for future work. 
 
5. CONCLUSION 
 

This study contributes a lightweight, fully 
automated pipeline for real-time espresso crema 
analysis based on superpixel-region abstraction. The 
principal scientific contribution is the demonstration 
that automatic circular ROI localization via the 
Circular Hough Transform, perceptually uniform 
CIELAB color representation, and SLIC superpixel-
based data reduction can simultaneously reduce data 
complexity by more than 75% and improve 

processing speed by approximately 33%, while 
preserving crema area coverage as an effectiveness 
measure. Notably, this speed improvement is 
achieved on hardware with older and lower 
computational specifications than those used in the 
reference study, underscoring the practical viability 
of the approach for edge deployment on resource-
constrained platforms. The proposed pipeline 
requires no manual region specification, operates in 
an illumination-robust color space, and processes 
compact region-level abstractions rather than 
individual pixels, making it a scalable and 
automation-ready alternative for embedded crema 
monitoring systems. Future research directions 
include extending the pipeline to support diverse cup 
geometries beyond circular cross-sections, and 
exploring integration of crema color output with 
coffee machine sensor data to enable closed-loop 
extraction control. 
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