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Table 1 Feature parameters

Parameter

Definition

Projection area (S)

Cell circularity (@)

Circumference-area ratio (R)

Peak-valley phase difference (Ag,,.,)
Nucleus-cytoplasm phase difference (Ag,e.)

Nucleus-cytoplasm phase mismatch degree (D)

Cell phase variance (o)

Variance of phase in whole cell, ., =

Cytoplasm phase variance (o,)

Nucleus gradient distribution ( V4 )

Cytoplasm gradient distribution (V. )

Projected area along direction of light

Variance of distance from cell contour to cell center,

2

N -
S8 [l i) = T ]+ / [ Yetee (1) = Yoo |
i=1

Variance of phase in cytoplasm, g, = —

l\]edge

Shucleus

Ratio of nucleus circumference to area, R =———

C
“nucelus

Difference between maximum and minimum phases of cell, Ag .. = @uu — @uin
Average phase difference between nucleus and cytoplasm, A e = @ructews — Peyioplasm

Number of pixels in cytoplasm whose phase is greater than average phase of nucleus

‘Ncel]

z Y [ §0cympmsm( 7) - @Cy!()plzxsm } .

i=1
“’\]L’yloplnsrv\

Ratio of nucleus whose fluctuation is more intense (gradient is greater than 1)

Ratio of cytoplasm whose fluctuation is more intense (gradient is greater than 1)
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Fig. 7 Comparison of easily confused cells. (al)(bl) Phase image; (a2)(b2) brightfield images under 40X object lens;

(a3)(b3) classification accuracies for Figs.7 (a2) and (b2) by deep learning; (a4)(b4) brightfield images under 100X object lens;

(a5)(b5) classification accuracies for Figs. 7 (a4) and (b4) by Morphogo system
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Table 2 Feature parameters of easily confused cells

Feature parameter Cell 1 Cell 2
D /pixel 167 1833

o, 0.60 0.32

AQ e /1ad 0.88 0.16

Ve 0.42 0.46
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Table 3 Upper and lower quartiles of characteristic values of neutrophils and eosinophils

Feature parameter Neutrophil Eosinophil
D /pixel (0, 0) (172.5, 1106.0)

o, (0.09, 0.16) (0.30, 0.53)
A@ ean /rad (2.06, 2.83) (—0.15, 0.95)

Ve (0.17, 0.26) (0.35, 0.44)
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Fig. 8 Phase images of atypic lymphocytes and normal lymphocytes and corresponding brightfield images. (al)(a2) Atypic lymphocytes;

(b1)(b2) normal lymphocytes
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Study on White Blood Cell Substructure Feature Parameters Based on
Co-localized Phase Imaging

Zha Baofei, Wang Zhihan, Su Yanfeng, Liu Chen’
College of Optical and Electronic Technology, China Jiliang University, Hangzhou 310018, Zhejiang, China

Abstract

Objective

The accurate classification of white blood cells (WBCs) is crucial in the examination of blood and the diagnosis and

treatment of clinical conditions. Manual examination under a bright-field microscope, the gold standard for blood cell analysis, is time-

consuming and inspector-dependent. Currently, blood cell analyzers based on the impedance method or flow cytometry are extensively

employed. However, some false positives may occur because of the structural variability of WBCs, which requires a manual

microscopic review. In addition, these instruments are expensive. Deep learning, which can reduce the technical requirements of

inspectors, is widely used for WBC classification. However, this analysis continues to rely on the morphology and color

characteristics of the stained cells. To achieve high accuracy in the classification of WBCs, the process usually requires image

acquisition and processing under a 100X objective lens, which can be time-consuming and data-intensive. Quantitative-phase imaging

(QPI) is an effective method for studying cell morphology and biochemistry. However, identifying WBCs solely based on their phase

characteristics is challenging, particularly when these phase characteristics are not prominent. Research on stained cells using QPT has

shown that the inclusion of phase information, alongside bright-field pictures, might provide useful insights for WBC classification. In

this study, the phase distributions of five different types of WBCs were quantitatively analyzed, and the substructure phase
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information was effectively divided using a co-localization imaging system based on digital holographic microscopy (DHM) and bright-
field microscopy. A series of feature parameters were extracted to assist with the WBC classification. The accuracies of the
classification of the three types of granulocytes based on the extracted phase feature parameters were 94%. Additionally, atypical
lymphocytes were studied, and a recognition accuracy of 84.5% was achieved. The proposed method utilizes routine blood smear
samples stained for clinical microscopy, making it easy to integrate into a commercial microscopic system and providing a wide range

of practical applications.

Methods A benchtop co-localization imaging system was used to obtain bright-field images and quantitative phase images of WBCs
from peripheral blood smears of healthy individuals. Quantitative phase images of the WBCs were reconstructed from off-axis
holograms obtained from DHM. To segment the phase information, WBCs were first extracted and divided into two parts, the
nucleus and the cytoplasm, based on bright-field images. Then, the position information of the nucleus and cytoplasm of the WBCs in
the bright-field images was transposed onto the corresponding phase images. Finally, the quantitative phase distributions of WBCs
and their corresponding nuclei and cytoplasm were successfully acquired. A substantial number of WBC samples consisting of 100
neutrophils, eosinophils, basophils, monocytes, large lymphocytes, and small lymphocytes were selected for co-localization imaging
and statistical analysis. Various feature parameters were extracted to quantitatively describe and analyze the morphological and
substructural features of the different WBCs.

Results and Discussions The feature parameters of the five types of WBCs were subjected to analysis and comparison, revealing
distinct phase characteristics for each type. Neutrophils had a substantially higher nuclear phase value than the cytoplasmic phase value
[Fig. 4(a)], whereas eosinophils had comparable nuclear and cytoplasmic phase values (Fig. 4). The cytoplasmic phase values in
basophils fluctuated substantially [Fig. 5(c)], and monocytes showed a smaller phase difference between the nucleus and cytoplasm
than lymphocytes [Fig. 4(b)]. Using the extracted feature parameters, three types of granulocytes were successfully classified with
94 % accuracy. The efficiency of classilying phase features was evaluated by analyzing a total of 1200 neutrophils and eosinophils. This
analysis was conducted using a phase feature method based on a 40X co-localization microscope, deep learning classification based on
a 40X brightfield microscope, and a commercial system called Morphogo with a 100X microscope. The results showed that the phase
feature accurately identified easily confused cells in deep learning classification or the Morphogo system (Fig. 7). Furthermore, an
examination of atypical cells was conducted, revealing that the use of phase characteristics resulted in a classification accuracy of

84.5% . These results demonstrate that the phase feature parameters are effective in aiding WBC classification.

Conclusions This study proposes a method for classifying WBCs using QPI. The approach involved analyzing different types of
WBCs using a co-localization imaging system that combines DHM and bright-field microscopy. The position and structural
information of WBCs were obtained from bright-field images, and the phase information of WBCs and their nuclet and cytoplasm were
extracted accordingly. Statistical analysis was then used to extract feature parameters that effectively aided in the classification of
WBCs. This method achieved an accuracy rate of 94% for classifying the three types of granulocytes based on the substructure phase
characteristic parameters. Further analysis showed an accuracy rate of 84.5% for identilying atypical lymphocytes, which are often
misinterpreted during microscopic examinations. Compared with using only phase information to classify WBCs, the proposed method
incorporates high contrast between the nucleus and cytoplasm in bright-field images to effectively compare the characteristics of
different WBC substructures, leading to an improved classification scope and accuracy. In addition, compared to conventional
microscopic classification, the proposed method provides additional phase information that can assist in WBC classification. This
method is easy to integrate with microscope and does not require the special treatment of conventionally stained blood smear samples.
It is expected to be widely used for the leukocyte classification and diagnosis and treatment of various blood diseases.

Key words bio-optics; quantitative phase imaging; digital holography; white blood cell substructures; phase distribution

characteristics
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