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# 1 LSDBT7E3#ARE 4 FHEHIEEIR S RER (%)
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RGBS, e SR ER A A EE
FIPERT, B8998 TRAEADIRE T I AR SCRFAIESE
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BORAE VAL RAESS TR B AR S, A SCIRIN $4 2
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IS (47 P 240 v e PR AR et R AT X I, R K- 1
48 (K-Nearest Neighbors, KNN). Ffi#/L#& #k
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TERVEN FE bR . INZRAGE R R, TEPTA 70 K4
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8 AN TR IR T ) 3 SR R ELA

* 2 HRISEIREER

Precision  Recall  Specificity = F1-Score
Monocytes 99.34 99.07 99.67 99.21
Lymphocytes 99.60 99.47 99.80 99.54

Neutrophils 98.95 99.34 99.47 99.14
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Transformer B PRI PRI B (%)
N X X X 97.70
J J x x 97.66 (~0.04)
J x J x 98.77 (+1.07)
J x x N 99.34 (+1.64)
J N J x 98.72 (+1.02)
J N x N 99.29 (+1.59)
#* 3 EURSEUARNITESERE
SHE WAF R OA
7y GFLOP
e o) o) @)
TR
A ﬁi%mﬁ 2832  9.10 108.24  99.34
B 4-SwinT
LSDBT 142 331 5.49 99.29
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SUHEL MRS S, U R 40 2 8] PO RRE R R
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AR BRI = T G o 2 B T AT AL
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FHARR R R REE R, Ul RAERy
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Fre kA A0 %, Xtz F, HSIFormer#zH
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AFHER R EA R%, THEZRA TS
M. TMiMambaHSI, SGTFormer fIMACLST /7]
PRACEE SR I B ) AR IR, R AIE 4 A
A3 HICEL I SRR, E I B4 A e ke 4 P )
AR ZIREL, XFREEAERRMK, TEIAR
U)oy REE R

R — B PG AL Y S bR R 77, AR SO A
[F RS BT SRS AR AT TR, SRR 6 R .
BARLSDBT I THE AR AR, (HFAE K
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A o R RFIE A 11 () ) A s PR 73 R HE A 2R . X
Ut I LSD BT Y B % 1£ [ 475 rm el A4 7 R HE 1 22 11
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0 1 % v O T R oy RAE S B — E N H
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prei K5 Precision Recall Specificity F1-Score OA

Monocytes 99.3 99.1 99.7 99.2

A XLSDBT Lymphocytes 99.6 99.5 99.8 99.5 99.2 (40.1)
Neutrophils 99.0 99.3 99.5 99.1
Monocytes 99.2 94.9 99.6 97.0

MambaHSI® Lymphocytes 92.8 99.3 96.2 95.9 95.4 (+1.4)
Neutrophils 98.5 96.0 99.3 97.2
Monocytes 98.9 97.4 99.5 98.2

HSIFormer!*! Lymphocytes 97.1 99.6 98.5 98.4 98.4 (£0.1)
Neutrophils 99.3 98.2 99.6 98.7
Monocytes 99.3 97.8 99.6 98.5

SGTFormer? Lymphocytes 97.8 96.7 98.9 97.2 97.3 (+0.3)
Neutrophils 96.1 98.5 98.0 97.3
Monocytes 98.5 97.8 99.3 98.2

MACLST® Lymphocytes 97.5 98.9 98.7 98.2 97.7 (+£0.4)

Neutrophils 98.2 97.4 99.1 97.8
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50 30 —
40 Tk
& 5
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A | 2 .
20} o R TN L, @ o Y
10 | i, . - Q e R
-20 % ,if % . i, B O
=30 t |
-30 —20 -10 0 10 20 30 40 -20 -10 0 10 20
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(d) SGTFormer (e) MACLST
B Monocytes @ Lymphocytes A Neutrophils
B 9 BRIZHHE HIt-SNE R UL
* 6 TRIERHERASH#

LAY ZHE (M) GFLOPs AR (M) OA (%)
ALLSDBT 1.42 3.31 5.49 99.2 (£0.1)
MambaHSI 0.12 0.70 0.46 95.4 (£1.4)
HSIFormer 0.53 1.32 2.14 98.4 (£0.1)
SGTFormer 219.45 13.85 837.13 97.3 (£0.3)

MACLST 12.70 4.10 48.40 97.7 (£0.4)
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Abstract:

Objective White Blood Cell (WBC) classification and morphology are essential in routine blood analysis and
provide important information for disease diagnosis and health assessment. Current WBC classification mainly
relies on hematology analyzers and manual microscopic examination. Hematology analyzers cannot acquire
cellular images, limiting classification accuracy when abnormal cellular characteristics are present, whereas
manual microscopic examination depends on operator experience and is susceptible to human error. Although
automated WBC classification based on deep learning and computer vision has attracted considerable attention,
methods using stained images are sensitive to staining conditions and image quality. In addition, conventional
hyperspectral imaging has limited ability to distinguish WBC subtypes with highly similar morphological and
spectral characteristics. To address these limitations, this study combines Polarized Hyperspectral Imaging
(PHSI) with deep learning and proposes a lightweight classification framework for polarized hyperspectral WBC
images, providing an efficient and reliable approach for clinical decision support.

Methods A polarized hyperspectral microscopic imaging system is established to acquire images at multiple

polarization angles. Based on Stokes Vector Theory, polarization parameters are calculated to generate
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multidimensional data cubes containing both light intensity and polarization-state information. Degree of
Linear Polarization (DOLP) images are then computed to construct a PHSI dataset of WBCs. To exploit the
multidimensional characteristics of PHSI, a Lightweight Spatial-Spectral Dual-Branch Transformer Network
(LSDBT) is proposed. After preprocessing, the input data are fed into a dual-branch feature extraction module
that separately extracts local spatial features and joint spatial-spectral features. An adaptive scaling factor is
introduced to fuse the two feature streams and balance their contributions, enabling effective utilization of the
multidimensional information contained in PHSI. A lightweight Swin Transformer backbone performs effective
global feature modeling while reducing computational complexity. Global average pooling and a fully connected
layer are used for classification. Model performance is evaluated using Overall Accuracy (OA), Precision,
Recall, Specificity, and F1-Score. Ablation studies, comparative experiments, and feature visualization are
conducted to validate the proposed method.

Results and Discussions The DOLP spectra and PHSI visualizations of monocytes, lymphocytes, and
neutrophils (Figures. 5 and 6) demonstrate different polarization characteristics that reflect the selective
absorption and scattering of light by their internal structures. Compared with conventional intensity images,
PHSI improves image contrast and provides additional polarization information that enhances discrimination
among WBC types. The proposed LSDBT achieves an OA of 99.29% on the test set, with consistently high
classification performance across all cell categories (Table 1). Analysis of the adaptive scaling factor shows that
classification performance first improves and then decreases slightly as the scaling factor increases, with the
optimal value of 3 providing the best balance between spatial and spatial-spectral features (Figure. 8). Ablation
experiments (Tables 2 and 3) demonstrate that the dual-branch feature extraction module substantially
improves classification performance, whereas the lightweight design greatly reduces computational complexity
and model parameters with only a marginal reduction in accuracy. Compared with conventional hyperspectral
imaging, the PHSI dataset achieves higher classification accuracy with all evaluated classifiers, indicating that
polarization information provides complementary physical features that improve discrimination among WBC
types (Table 4). Comparisons with representative methods show that LSDBT achieves the best overall
classification performance across multiple evaluation metrics (Table 5). Furthermore, t-SNE visualization
(Figure. 9) shows compact intra-class distributions and clear separation among different cell types, confirming
the strong discriminative capability of the learned features. Although LSDBT does not have the lowest
computational cost among the compared methods, it achieves the best balance between classification
performance, model size, and computational efficiency (Table 6).

Conclusions This study proposes a lightweight dual-branch Transformer network for polarized hyperspectral
WBC classification. To the best of our knowledge, this is the first study to combine PHSI with deep learning
for WBC classification. Comparative experiments with conventional hyperspectral imaging validate the
superiority of PHSI for WBC classification. The proposed LSDBT integrates spatial and spatial-spectral
information through a dual-branch feature extraction module and performs efficient global feature modeling
using a lightweight Swin Transformer backbone. The network maintains high classification performance while
substantially reducing computational complexity and model parameters. These results demonstrate that
LSDBT provides an accurate and computationally efficient solution for automated WBC classification and
supports the application of PHSI in cellular microscopic analysis and clinical auxiliary diagnosis.

Key words: Polarized Hyperspectral Imaging; White Blood Cell Classification; Swin Transformer
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