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White blood cells (leukocytes) are fundamental components of the immune
system, and their enumeration and morphological assessment via microscopic
image analysis serve as critical diagnostic indicators. However, automatic
segmentation of white blood cells remains challenging due to variations in
staining, illumination, and complex cellular morphology. This study proposes a
novel hybrid segmentation framework that integrates GrabCut and Otsu
thresholding methods. The proposed framework addressing two fundamental
limitations of previous approaches: (1) GrabCut incorporates inter-pixel spatial
relationships through graph-based optimization, which traditional thresholding
methods ignore, while (2) Otsu thresholding provides automatic, data-driven
binarization that eliminates manual parameter tuning required by standalone
GrabCut. Their sequential integration, where GrabCut refines foreground
extraction followed by Otsu for adaptive binarization, enables the framework to

simultaneously optimize color discrimination, edge preservation, and
segmentation consistency under varying image conditions. This synergy
produces more robust segmentation than either method applied independently.
The proposed framework was evaluated on three datasets: primary data (author-
collected), JTSC, and CellaVision. Results demonstrate dataset-dependent
performance trade-offs. On primary data, the framework achieved 94.55%
accuracy, though precision, recall, F1-score, and IoU remained low. On JTSC data,
it achieved efficient computation (0.06 seconds per image), good accuracy
(92.07%), and moderately high precision (0.8467) but low recall (0.4860). On
CellaVision data, it achieved high accuracy (93.97%) and excellent precision
(0.9495) but low recall (0.4796). These findings indicate that the proposed
framework successfully improves precision and computational efficiency while
maintaining high accuracy; however, recall limitations persist, suggesting that
the current combination is better suited for applications prioritizing detection
reliability over complete sensitivity.
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INTRODUCTION

White blood cells (WBCs), or leukocytes, are fundamental components of the human immune
system that play a critical role in defending the body against infections and pathogenic
microorganisms, including bacteria, viruses, and other harmful agents [1,2]. Leukocytes contribute
to immune defense mechanisms by identifying, attacking, and eliminating foreign substances that
threaten physiological stability. Consequently, both the quantity and morphological characteristics
of white blood cells serve as important clinical indicators for assessing an individual’s health
condition. Abnormalities in leukocyte count and morphology are often associated with infections,
inflammatory responses, autoimmune disorders, and hematological diseases, making leukocyte
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analysis an essential component of modern diagnostic procedures [3-5]. In clinical practice, white
blood cell examination is widely utilized for early disease detection, treatment monitoring, and
evaluation of immune system performance.

Conventional leukocyte analysis is typically performed manually by hematologists or
pathologists through microscopic examination of blood smear images. This process involves
identifying the type, shape, size, and distribution of leukocytes to obtain clinically relevant diagnostic
information [6-8]. However, manual analysis is time-consuming, highly dependent on the expertise
of medical personnel, and susceptible to subjective interpretation, particularly when large numbers
of samples must be evaluated. These limitations highlight the growing need for automated leukocyte
analysis systems capable of providing rapid, objective, and consistent diagnostic results. Advances in
digital image processing and computer vision have therefore attracted significant attention for the
development of automated white blood cell segmentation and classification systems [9-11].

Despite substantial progress in medical image analysis, accurate segmentation of white blood
cells remains a challenging task due to the complex characteristics of microscopic blood smear
images. Variations in staining techniques, illumination conditions, cell morphology, and image noise
frequently reduce the contrast between leukocytes and the background, thereby complicating the
segmentation process and decreasing detection accuracy [12-14]. Furthermore, overlapping cells
and heterogeneous color distributions often lead to inconsistent segmentation results, particularly
when conventional methods are applied to low-quality images. These challenges demonstrate the
need for more adaptive and robust segmentation approaches capable of handling diverse image
characteristics while maintaining computational efficiency.

Numerous image segmentation techniques have been proposed to address these challenges,
including Thresholding, Watershed Transformation, Region Growing, morphological operations,
GrabCut, K-Means clustering, and deep learning-based approaches such as Convolutional Neural
Networks (CNNs) [15-20]. Previous studies, such as the work conducted by [21], demonstrated that
the combination of CIE-Lab and HSV color spaces with Gram-Schmidt orthogonalization could
improve leukocyte segmentation performance. Nevertheless, the proposed approach remained
sensitive to image quality variations, staining inconsistencies, and computational complexity.
Moreover, many existing methods rely on single segmentation strategies or limited hybrid
frameworks, which often produce suboptimal performance when confronted with highly variable
microscopic image conditions [22-26].

To address these limitations, this study proposes a hybrid white blood cell segmentation
framework that integrates HSV color space transformation, GrabCut segmentation, Otsu
Thresholding, and morphological operations. The HSV color model is employed to enhance color
discrimination between leukocytes and the surrounding background, while GrabCut is utilized to
adaptively extract the primary cell region. Subsequently, Otsu Thresholding is applied to determine
the optimal segmentation threshold automatically, and morphological operations are performed to
refine the segmented regions by reducing noise and improving object boundaries. By combining
these complementary techniques, the proposed approach aims to improve segmentation accuracy,
robustness, and computational efficiency, thereby supporting the development of reliable automated
leukocyte analysis systems for medical diagnostics and defense-related healthcare applications.

MATERIALS & METHODS

Dataset

This study utilized a combination of primary and secondary datasets to evaluate the
performance of the proposed white blood cell segmentation framework. The use of multiple datasets
with different characteristics was intended to assess the generalization capability of the proposed
method under various microscopicimaging conditions, including differences in illumination, staining
quality, image contrast, and leukocyte morphology. Overall, the datasets consisted of a primary
dataset collected directly by the researchers, as well as two publicly available datasets, namely JTSC
and CellaVision [27,28].

20 | Journal of Health Engineering and Precision Medicine



Journal of Health Engineering and Precision Medicine

Dani et al. An integrated image segmentation framework

white blood cell
- white blood cell < *)

(a) (b)
Figure 1. Primary white blood cell samples were mixed with Turk’s solution and examined under
different magnifications, (a) 40.0x (0.65NA); (b) 10.0x (0.25NA).

The primary dataset was collected from the first author blood at the Military Chemistry and
Biology Laboratory, Indonesia Defense University, Bogor, West Java, Indonesia (as shown in Figure
1). Microscopic images of white blood cells were acquired using a microscope integrated with an
Optilab imaging device. Blood samples were obtained through a sterile finger-prick procedure and
mixed with Turk’s solution to improve leukocyte visibility. Image acquisition was performed using
10x and 40x objective lenses, where the 40x magnification produced clearer leukocyte
morphological details and was therefore selected for this study. A total of 250 microscopic images
with a resolution of 1920 x 1080 pixels were obtained, and after the cropping process, 100 white
blood cell images with a final resolution of 150 x 150 pixels were used for segmentation experiments.
R fenig
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Figure 2. Secondary dataset sample, (a) JTSC dataset; (b) CellaVision dataset.

To improve data diversity and evaluate the robustness of the proposed method, two additional
public datasets were employed, namely JTSC and CellaVision (see Figure 2). The JTSC dataset
contains 300 single white blood cell images with a resolution of 120 x 120 pixels, while the
CellaVision dataset consists of 100 microscopic images with a resolution of 300 x 300 pixels. These
datasets exhibit variations in color intensity, illumination, image quality, and noise distribution,
providing diverse conditions for evaluating the effectiveness of the proposed method in segmenting
leukocyte regions from the background.

Proposed Method

The proposed method aims to improve the accuracy and robustness of white blood cell
segmentation by integrating HSV color space transformation, GrabCut segmentation, Otsu
Thresholding, and morphological operations into a unified hybrid framework. The overall workflow
of the proposed approach consists of several sequential stages, including image preprocessing, color
space transformation, foreground extraction, threshold-based segmentation, and segmentation
refinement. The integration of these techniques is designed to overcome common challenges in
microscopic blood smear images, such as non-uniform illumination, staining variability, overlapping
intensity distributions, and image noise.
a. Pre-processing
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In the initial stage, the input microscopic image is preprocessed to improve image quality and
facilitate subsequent segmentation procedures. The preprocessing stage includes image
resizing and noise reduction to minimize irrelevant artifacts that may interfere with object
extraction. After preprocessing, the RGB microscopic image is transformed into the HSV (Hue,
Saturation, Value) color space. Compared to the RGB model, HSV provides better color
discrimination between leukocyte regions and the surrounding background because it
separates chromatic information from intensity components. This transformation enhances
the visibility of white blood cell regions and improves the effectiveness of subsequent
segmentation stages, particularly under varying illumination conditions.

b.  Processing
In this study, the image processing of white blood cells consists of three stages, namely:
1. HSV thresholding

The RGB image was first converted into the HSV color space using the following equations:

A
V =max(R,G,B)S = VA =V —min(R,G,B) (1)
The Hue component H was calculated based on the dominant RGB channel. After the
conversion process, thresholding was performed by defining lower and upper HSV ranges
corresponding to leukocyte color characteristics.
A pixel (x, y) was classified as foreground if its HSV values satisfied the following condition:

Seg(x,y) ={1,Hpin < Hx,Y) < Hpax AVpin S V(x,Y) < Vipax 0, otherwise (2)
where Seg(x,y) = 1 indicates the leukocyte region (foreground), while Seg(x,y) =0
represents the background.

2. GrabCut segmentation
GrabCut is a graph-based segmentation algorithm that separates foreground and
background regions iteratively using color distribution and edge information. In this study,
the initial binary mask generated from HSV thresholding was used as the initialization
mask for the GrabCut process.
The RGB image can be represented as:

I(x,y) = [R(x,¥),G(x,¥), B(x,y)] (3)

while the initial mask obtained from HSV thresholding is defined as:
My(x,y) = {1,if the pixel is within the HSV range 0, otherwise (4)
The HSV mask was then converted into a GrabCut mask using the following initialization:
Go(x,y) = {GC ,Mp(x,y) =1GCpap, Mo(x,y) =0 (5)

where:
GC = 3represents probable foreground,
GCgsp = Orepresents definite background.
GrabCut segmentation minimizes the following energy function:
E(L,60,z) =U(L,08,z) +V(L,z) (6)
where:
U(L, 0, z) is the data term representing the similarity between pixel colors and the
foreground/background model,
V (L, z) is the smoothness term preserving spatial consistency between neighboring
pixels,
L denotes pixel labels,
z represents RGB pixel features,
0 denotes the Gaussian Mixture Model (GMM) parameters.
The algorithm iteratively updates the GMM parameters, assigns pixel labels, and performs
graph-cut optimization to improve segmentation boundaries. After convergence, the final
binary mask is obtained as:
Gout(x,¥) = {1,if the pixel belongs to foreground 0, otherwise (7)
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The resulting mask was then multiplied with the original RGB image to obtain the
segmented leukocyte region.

3. Otsu thresholding
Let the grayscale image obtained from the previous stage be represented as /(x,y). Otsu
Thresholding computes the optimal threshold T by maximizing the inter-class variance

defined as:
05(T) = wo(T) w1 (T)[1o(T) — p1(T)]? (8)
where:
wo(T) and w;(T) represent the probabilities of the background and foreground
classes,

Uo(T) and p4 (T) denote the mean intensity values of the background and foreground
classes, respectively.
The optimal threshold T is selected by maximizing the inter-class variance:
T = argmaxyof(T) (9
After determining the optimal threshold value, the grayscale image was converted into a
binary image using the following rule:
B(x,y) ={LI(x,y) =T 0,I(x,y)<T (%0

where:
B(x,y) = 1represents the leukocyte region (foreground),
B(x,y) = 0 represents the background region.
C. Post-processing
Morphological operations were applied as the final post-processing stage to refine the
segmentation results of white blood cells. In this study, erosion and dilation operations were
used with a structuring element S. Erosion removes small unwanted pixels and reduces
irregular boundaries, while dilation restores object size and reconnects fragmented regions.
The operations are defined as:
ADS={z|S, S A}JAD S = {z|(S"), N A + B} (11
)
where:
A represents the binary image,
S denotes the structuring element.
Additionally, opening and closing operations were applied to improve segmentation quality.
Opening removes small foreground noise, while closing fills small holes inside the leukocyte
region. These operations are expressed as:
AocS=(AO0S)DPSA-S=(ADBSOSS (12
)

To better understand the proposed framework, Figure 3 illustrates the process.
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Figure 3. Flowchart of the proposed framework.

RESULTS AND DISCUSSION

Experimental Results
This section presents the experimental results of the proposed white blood cell segmentation
framework. In the preprocessing stage, an orthogonal sharpening kernel was applied to enhance
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image contrast and emphasize object boundaries, thereby facilitating the subsequent segmentation
process. The segmentation stage integrated HSV color space transformation for color-based
separation, GrabCut algorithm for foreground object extraction, and Otsu Thresholding for automatic
image binarization based on intensity histogram distribution. Finally, morphological operations
were employed in the post-processing stage to refine the segmentation results by removing small
unwanted objects and improving the structural consistency of the segmented regions. This
combination of methods was designed to produce more accurate and robust leukocyte segmentation
under various microscopic image conditions.

(a) (b) ()
Figure 4. Segmentation results of the proposed method, (a) Primary dataset; (b) JTSC dataset; (c)
CellaVision dataset.

As shown in Figure 4, the experimental results on the sample dataset indicate that the
proposed hybrid segmentation framework, which integrates HSV color transformation, GrabCut
segmentation, and Otsu’s thresholding, is capable of effectively segmenting white blood cell regions
from microscopic blood smear images. The combination of these methods improved the separation
between leukocyte objects and the background, particularly under varying illumination conditions
and staining characteristics. Visual observations indicated that the proposed framework produced
clearer object boundaries and reduced segmentation noise compared to conventional threshold-
based approaches.

The HSV transformation stage successfully enhanced color discrimination between leukocyte
regions and surrounding components in the microscopic images. By separating color information
from intensity components, the HSV color space improved the visibility of white blood cell regions
and facilitated the initial segmentation process. However, HSV thresholding alone was still sensitive
to background artifacts and illumination variations, resulting in incomplete segmentation in several
images. Therefore, the integration of GrabCut segmentation played an important role in refining the
extracted foreground regions. The application of GrabCut significantly improved the segmentation
boundaries by adaptively separating foreground and background regions using graph-based
optimization. The iterative refinement process enabled the algorithm to suppress irrelevant
background areas and preserve the structural characteristics of leukocyte objects. The results
showed that GrabCut produced smoother and more accurate object contours, especially in images
with complex backgrounds and heterogeneous color distributions. This improvement demonstrates
the effectiveness of combining color-based thresholding with graph-based segmentation techniques.

Furthermore, Otsu Thresholding contributed to the segmentation process by automatically
determining the optimal threshold value according to the grayscale intensity distribution of each
image. This adaptive threshold selection improved segmentation consistency across different
datasets and reduced the dependency on manual parameter tuning. The binary images generated
after the Otsu stage showed better foreground-background separation, which facilitated the
subsequent refinement process. The final morphological operations effectively removed small noise
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regions, filled holes within segmented leukocyte areas, and improved boundary smoothness. These
operations enhanced the structural consistency of the segmented objects and reduced segmentation
artifacts caused by isolated pixels or fragmented regions. As a result, the final segmentation outputs
appeared cleaner and more representative of the actual leukocyte morphology.

Table 1. Results of the quantitative analysis of the experimental results across all datasets

Dataset Accuracy Precision Recall F1-score IoU Time (s)
Primary data 0.9455 0.4608 0.1199 0.1545 0.1153 0.1128
JTSC 0.9027 0.8467 0.480 0.5577 0.4828 0.0667
CellaVIsion 0.9397 0.9495 0.4796 0.5790 0.4748 0.3664

Table 1 presents the quantitative evaluation results of the proposed segmentation framework
on the primary, JTSC, and CellaVision datasets. The evaluation was conducted using computational
time, accuracy, precision, recall, F1-score, and intersection over union (IoU) to assess segmentation
performance under different microscopic image conditions. For the primary dataset, the proposed
method achieved an average computational time of 0.1128 seconds and a high Accuracy value of
0.9455. However, the Precision, Recall, F1-Score, and IoU values were relatively low, indicating that
the model still struggled to accurately capture the complete leukocyte regions. This suggests the
presence of both false positive and false negative predictions during segmentation. On the JTSC
dataset, the proposed framework demonstrated faster computational performance with an average
processing time of 0.0667 seconds per image. The model achieved high Accuracy (0.9207) and
Precision (0.8467), indicating reliable foreground prediction. Nevertheless, the Recall value
remained moderate at 0.4860, which affected the F1-Score and IoU values. These results indicate that
although the model successfully reduced false positive predictions, some leukocyte regions were still
not fully detected. Critically, with recall values of 0.48 or lower, approximately half to nearly 90% of
actual white blood cells were missed depending on the dataset, representing a major clinical
limitation that must be addressed before clinical deployment. Similarly, the CellaVision dataset
produced high Accuracy (0.9397) and Precision (0.9495) with an average computational time of
0.3664 seconds. However, the Recall value was relatively low at 0.4796, resulting in moderate F1-
Score and loU values. This performance trend suggests that the proposed method tends to produce
conservative segmentation results by prioritizing segmentation precision over complete object
detection.

Clinical Consequences of Low Recall

The consistently low recall values observed across all three datasets (ranging from 0.1199 on
primary data to 0.4860 on JTSC) represent a significant clinical limitation that requires careful
consideration. In the context of automated leukocyte analysis, low recall translates directly to false
negatives white blood cells that are present in the microscopic image but are not detected or
segmented by the algorithm. From a clinical diagnostic perspective, false negatives can have serious
consequences. For example, in patients suspected of having neutropenia (abnormally low neutrophil
count), a segmentation system with 50% recall would detect only half of the existing neutrophils,
potentially leading to a false normal report while the patient remains at risk for life-threatening
infections. Conversely, in conditions characterized by leukocytosis (elevated white blood cell count),
such as leukemia or severe bacterial infection, low recall could underestimate the severity of the
condition, delaying appropriate medical intervention. Even in the JTSC and CellaVision datasets
where recall reached approximately 48%, nearly half of all leukocytes remained undetected. This
level of missed detection would be unacceptable for routine clinical use, where the cost of missing an
abnormal finding often outweighs the cost of a false positive (which can be resolved through
confirmatory manual review). Therefore, while the high precision achieved by the proposed
framework is commendable for reducing false alarms, the current recall performance renders the
method unsuitable for standalone clinical application without substantial improvement.

Several methodological improvements could be explored to increase recall without
substantially sacrificing precision. First, adaptive HSV thresholding, automatically determining
optimal hue, saturation, and value ranges per image based on histogram analysis, could improve
detection of leukocytes with atypical staining characteristics. Second, an ensemble segmentation
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approach combining the proposed framework with complementary methods (e.g., watershed
transform or U-Net) could capture leukocytes missed by the current method, with majority voting
controlling false positives. Third, post-seeding segmentation could initialize GrabCut with multiple
potential leukocyte regions based on morphological clues (circularity, size, nuclear characteristics)
rather than relying solely on HSV thresholding. Fourth, a two-stage refinement process could
specifically target undetected regions with intermediate intensity values that were excluded by the
current Otsu threshold. Fifth, deep learning integration, replacing or augmenting the GrabCut mask
initialization with a lightweight CNN (e.g, U-Net or MobileNet-based segmentation), could
substantially improve recall at acceptable computational cost. Sixth, for practical deployment, the
current framework could be positioned as a screening tool rather than a final diagnostic system,
where cases with predicted leukocyte counts below a clinical threshold trigger automatic manual
review, combining automation efficiency with human safety oversight.

Discussion

The experimental results demonstrate that the proposed hybrid segmentation framework is
capable of producing high Accuracy and Precision across different microscopic image datasets. The
consistently high Precision values indicate that the framework can effectively distinguish leukocyte
regions from the background while minimizing false positive predictions. In the context of medical
image analysis, this characteristic is particularly important because incorrect segmentation may lead
to misinterpretation during subsequent diagnostic procedures. By reducing false detections, the
proposed method can support more reliable automated leukocyte analysis and assist medical
personnel in identifying clinically relevant cell regions more accurately. However, the relatively
lower Recall values indicate that some leukocyte regions were not fully detected during the
segmentation process. This limitation suggests that although the framework is effective in generating
reliable segmentation outputs, it still tends to miss certain parts of the actual object regions,
particularly under challenging microscopic conditions such as uneven illumination, low contrast, or
staining variability. In medical applications, incomplete object detection may reduce the
effectiveness of downstream tasks such as cell counting, morphological analysis, and disease
classification. Therefore, improving Recall performance remains an important direction for future
development to ensure more comprehensive leukocyte detection.

From the perspective of precision medicine, accurate and reliable white blood cell
segmentation plays a significant role in supporting early disease detection and personalized
healthcare analysis. Automated leukocyte segmentation systems can assist clinicians in analyzing
hematological conditions more efficiently and consistently, particularly when processing large
numbers of blood smear samples. In addition, robust segmentation frameworks have the potential
to improve computer-aided diagnostic systems by providing more accurate cellular information for
machine learning and clinical decision-support applications. Furthermore, the proposed framework
may contribute to healthcare resilience and medical readiness. Rapid and accurate leukocyte analysis
can support early identification of infections, immune disorders, and hematological abnormalities,
enabling faster medical intervention and treatment planning. This capability is particularly valuable
in situations requiring large-scale health screening, emergency medical response, or continuous
health monitoring for military personnel operating in high-risk environments. Therefore, the
proposed segmentation approach not only provides technical contributions in medical image
processing but also demonstrates potential practical benefits for healthcare systems and precision
medicine applications.

CONCLUSION

This study proposed a hybrid white blood cell segmentation framework integrating HSV
transformation, GrabCut, Otsu thresholding, and morphological operations, achieving high accuracy
(90.27-94.55%) and precision (0.8467-0.9495) across three datasets. In terms of health engineering
advancement, the framework processes each image in 0.07-0.37 seconds, representing a ~95%
reduction in segmentation time compared to manual analysis (3-5 minutes per slide), thereby
enabling high-throughput laboratory workflows and reducing operator-dependent variability. For
precision medicine, the high precision (up to 0.9495) enables patient-specific white blood cell
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trending, allowing clinicians to track individual leukocyte dynamics for monitoring chemotherapy-
induced neutropenia, evaluating immune recovery, and personalizing treatment adjustments.

However, recall remains moderate (0.4796-0.4860), meaning approximately 50% of
leukocytes are missed, a critical limitation for clinical deployment. Therefore, the next clinical
translation phase will integrate a lightweight U-Net to improve recall to 20.85, followed by multi-
center validation and prospective testing in a military hospital laboratory, with the framework
initially deployed as a screening triage tool where low-confidence predictions trigger manual review.
With these improvements, the framework holds promise for automated, objective, and personalized
hematology diagnostics in both civilian and military healthcare settings.
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