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Learning from hybrid bright-dark field imaging for resolution-

enhanced digital pathology

Runjie Huang®?**', Runnan Zhang>%3*', Xiyu Chen%?3*', Yefeng Shu*%**, Wenjian Chen?, Kun Gui®, Kehui Wang®,
Jiasong Sun®?34* Juergen W. Czarske®’* and Chao Zuo**3**

Abstract: High-throughput whole-slide imaging (WSI) confronts a trade-off between scanning speed and optical reso-
lution, rendering low-numerical-aperture objectives inadequate for resolving critical microstructures. Computational
resolution enhancement offers an alternative; however, the ill-posedness of single-image resolution enhancement
leads to over-smoothed reconstructions or hallucinations, undermining clinical reliability. We present HBDF-RE, a
hybrid bright-field and dark-field resolution enhancement framework that exploits complementary physical contrast
to constrain the reconstruction problem. A single dark-field acquisition, enriched with high-frequency scattering
information inaccessible to conventional bright-field imaging, serves as a reference that reduces the solution space
and guides reconstruction from low-resolution bright-field inputs. HBDF-RE integrates multimodal feature fusion,
spatial attention, and joint spatial-frequency domain optimization to preserve global tissue morphology while recov-
ering fine textural details. Experimental results demonstrate a 2.1x enhancement in resolution (from 950 nm to
445 nm), a 3.2 dB improvement in PSNR (Peak Signal-to-Noise Ratio), and an 84% reduction in reconstruction arti-
facts compared with representative single-image resolution enhancement methods. Importantly, in large-scale Al-
assisted cervical cancer screening, HBDF-RE-reconstructed images yield an 11.14% improvement in diagnostic sensi-
tivity, with pronounced gains in clinically ambiguous lesion categories. These results establish HBDF-RE as a physi-
cally grounded and clinically reliable resolution enhancement paradigm for digital pathology, offering a pathway
toward next-generation WSI and computer-aided diagnosis.
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Introduction

tumor detection®, and pathological analysis®’. However,

Whole-slide imaging (WSI), through multi-resolution digiti-
zation of entire tissue specimens, has substantially advanced
the field of digital pathology'. With the increasingly
widespread adoption of WSI in clinical practice, the demand
for high-resolution pathological imaging continues to grow,
driven primarily by its critical role in disease diagnosis'?,

acquisition of high-resolution images typically relies on
expensive technologies and hardware systems, posing chal-
lenges in meeting the escalating demands of pathologists in
both clinical practice and research applications. Image
super-resolution (SR) technology offers a cost-effective solu-
tion by employing computational imaging approaches’ '’
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resolution beyond the conventional optical constraints'’,
reconstructing high-resolution (HR) images from readily
accessible low-resolution (LR) images and achieving spatial
resolution beyond the constraints imposed by objective
numerical aperture'’. In recent years, single-image super-
resolution (SISR) technology has attracted considerable
attention, particularly deep learning-based methods!**°.
Convolutional neural network-based SISR approaches have
achieved substantial progress in this field'”-2!; however, these
methods typically produce over-smoothed reconstruction
results, leading to blurred outputs. Generative adversarial
network-based SISR methods?>* have demonstrated break-
throughs in visual quality; nevertheless, they frequently
generate artificial textures and unrealistic artifacts such as
hallucinations. Due to insufficient prior knowledge, individ-
ual LR images often contain inadequate information,
rendering deep learning reconstruction methods susceptible
to severe artifacts including over-smoothing and ringing
effects, thereby limiting reconstruction efficacy. These issues
are particularly critical in pathological imaging applications,
directly affecting accurate tissue structure identification and
diagnostic reliability, and ultimately undermining the clini-
cal utility of super-resolution technology.

In recent years, reference-based super-resolution (RefSR)
methods?*>” have been introduced to the medical research
domain to address the inherent limitations of traditional
single-image super-resolution approaches. The core princi-
ple of this technology lies in leveraging additional reference
images to provide complementary information for guiding
high-quality reconstruction of low-resolution images. In the
field of medical imaging, RefSR methods have achieved
substantial progress in reconstruction accuracy by exploit-
ing reference image information in combination with deep
learning techniques®°, realizing 2x spatial resolution
enhancement. Subsequent advances introduced the atten-
tion mechanism® to prevent learning of task-irrelevant
interfering features, achieving more precise feature selection
and fusion. In the domain of live-cell imaging, RefSR tech-
nology has likewise demonstrated considerable potential,
with relevant methods integrating multiple bright-field and
dark-field images through multi-scale learning strategies to
achieve HR reconstruction across continuous scale spaces,
alleviating random phase noise and fluctuation artifacts.
Further, the introduction of frequency-domain constraint
loss functions®® explicitly constrains solution space mapping
through ensuring reconstruction results conform to actual
measurements. RefSR methods continue to evolve through
innovations in network architecture, learning strategies, and
loss function design, demonstrating promising applications
in medical imaging and live-cell imaging. However, in the
field of pathological imaging, RefSR methods remain largely
unexplored.

In this work, we propose a Hybrid Bright-field and Dark-
field resolution enhancement framework (HBDF-RE) that
effectively exploits complementary information from bright-

field and dark-field images to enhance detail reconstruction
in pathological imaging. Here, the term “resolution
enhancement” is used in the practical context of digital
pathology to denote cross-NA image reconstruction from
low-NA multimodal measurements toward a higher-NA
bright-field reference. To enable multimodal image acquisi-
tion, the halogen lamp illumination module in conventional
pathology scanners was replaced with a custom-designed
programmable LED light source. We employ a joint opti-
mization strategy integrating a spatial-frequency domain
perceptual loss function and attention mechanisms to
explicitly constrain the solution space through physical
constraints, effectively suppressing reconstruction artifacts
and mitigating noise interference. Our approach requires
only a single dark-field reference image, while improving the
input image resolution from 950 nm to 445 nm. Compared
to existing models, our method achieves a 3.2 dB improve-
ment in PSNR (Peak Signal-to-Noise Ratio), reduces recon-
struction artifacts by 84%, and enhances computational effi-
ciency by 11%. In downstream gland segmentation tasks, the
HBDE-RE method significantly outperforms existing patho-
logical resolution enhancement approaches. More impor-
tantly, HBDF-RE-reconstructed images provide higher-
quality inputs for downstream artificial intelligence (AI)
analysis, improving cervical cancer diagnostic sensitivity by
11.14%. It is worth noting that, while prior works have
explored the combination of bright-field and dark-field illu-
mination in the context of quantitative phase imaging---
including Fourier ptychographic microscopy (FPM) with
hybrid coherent and incoherent illumination®, Fourier
holo-ptychographic microscopy integrating digital hologra-
phy with Fourier ptychography*, and a transport-of-inten-
sity equation (TIE)-based framework leveraging bright-field
and dark-field acquisitions for high-throughput phase
retrieval®, these approaches are fundamentally distinct from
the present work in objective, methodology, and application
context. All three methods target quantitative phase recon-
struction through iterative or physics-model-based algo-
rithms and do not address intensity-image resolution
enhancement of histopathological sections. Moreover, these
methods generally require the acquisition of a large number
of raw images and iterative reconstruction procedures to
synthesize extended apertures or recover phase information,
which may limit imaging throughput and reconstruction
speed. In contrast, HBDF-RE constitutes a data-driven deep
learning framework that exploits the scattering contrast of
dark-field images as a physically grounded reference
constraint to directly guide high-resolution intensity image
reconstruction, without invoking phase retrieval in any
form. HBDF-RE requires only two raw measurements (one
bright-field and one dark-field image) and enables rapid
non-iterative reconstruction through learned nonlinear
mapping of high-frequency structural information, thereby
achieving both high imaging efficiency and fast reconstruc-
tion performance. To our knowledge, this study is among
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the first to investigate the use of dark-field images for refer-
ence-guided resolution enhancement in pathological
imaging, demonstrating substantial potential for clinical
applications.

2 Methods

2.1 Hybrid bright-field and dark-field resolution
enhancement framework

We propose utilizing dark-field images as reference inputs
to assist in reconstructing resolution enhancement images
from low-resolution acquisitions. The experimental system
is shown in the Fig. 1(a). By integrating a programmable
LED light source into the existing scanner framework, we
enable multimodal image acquisition. As shown in Fig. 1(b),
the light source employs a dome-shaped geometric configu-
ration with a curvature radius of 35 mm to achieve wide-
angle illumination coverage. Each LED element exhibits a
divergence half-angle of approximately +30°, enabling effi-
cient angular illumination distribution across the imaging
field. Detailed LED array configuration and illumination
uniformity analysis are provided in Supplementary Section
1. This design facilitates rapid programmable switching
between illumination modes (response time < 1 ms), with
the industrial camera operating at a single-frame exposure
time of < 1/30 s. As a result, a complete bright-field/dark-
field image pair can be acquired within approximately
1/15 s*. Within this minimal acquisition window, sample

drift of fixed specimens remains negligible during stage
stationary periods, with measured displacements consis-
tently below 0.5 pixels, thereby precluding any significant
impact on network training or reconstruction quality.
Subsequently, a motorized translation stage drives the
sequential scanning of successive positions, thereby achiev-
ing full field-of-view multimodal imaging.

Specifically, bright-field imaging is achieved through
direct illumination from the central region of the LED array,
whereas dark-field imaging is realized via oblique illumina-
tion from the peripheral annular region of the array. The
integration of these two microscopy modalities is particu-
larly attractive for biomedical applications. In bright-field
microscopy, transmitted light measurements primarily
reflect the light absorption properties of tissue (amplitude
modulation), with image contrast arising from absorption
differences. In contrast, dark-field microscopy illuminates
the sample at oblique angles and detects diffracted or scat-
tered light, whereby image contrast is predominantly based
on light scattering, enabling visualization of refractive index
variations (phase modulation) as well as sharp absorptive
structures. It should be noted that dark-field intensity
images acquired under a given objective numerical aperture
(NAg,) remain subject to the same diffraction-limited reso-
lution constraints as their bright-field counterparts, with
both channels structurally bounded by a maximum spatial-
frequency cutoff of 2NA,; in the intensity spectrum. Yet,
this shared diffraction limit does not imply that the

b

Bright field

Dark field

Bright-field
imaging

Dark-field
imaging

______________________________________

Frequency Ioss Spatial loss

IR IR

______________________________________
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Fig. 1 | Overview of our system and algorithm diagram. (a) Imaging system. (b) Acquisition of bright-field and dark-field images. (c) The whole

process of HBDF-RE.
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dark-field image encodes identical spatial-frequency infor-
mation. Under the well-established imaging model akin to
FPM, an oblique plane-wave illumination introduces a
frequency shift to the object's complex spectrum in Fourier
space”’, mathematically translating the object's high-
frequency components into the low-frequency passband of
the detection objective. Critically, while the complex ampli-
tude undergoes linear low-pass filtering by the pupil func-
tion, the subsequent square-law detection by the camera
sensor records only the optical intensity; consequently, the
high-frequency structural priors captured in the dark-field
image are not merely translated, but rather embedded as a
complex, nonlinear mapping of the object's high-frequency
spectrum. Although the recorded dark-field intensity cannot
provide unconstrained access to all high-frequency compo-
nents, it encodes distinct high-frequency information that is
inherently absent from the near-axial bright-field channel,
thereby providing physically distinct, illumination-shifted
structural information with a higher effective frequency
support than a mere enhancement in image contrast. The
inherent ill-posedness of single-image resolution enhance-
ment implies that a single low-resolution image theoreti-
cally corresponds to infinitely many high-resolution solu-
tions. Conventional methods rely on statistical priors
learned from training data to constrain the solution space,
but such implicit constraints frequently lead to over-
smoothing and artifacts. Our method addresses this by
introducing dark-field reference images as physically
grounded constraints, leveraging their complementary spec-
tral content to decode this nonlinear mapping and guide
high-resolution reconstruction beyond the limits of bright-
field data alone. This physically grounded complementary
contrast, encompassing scattering-sensitive structural
details, edge information, and refractive index-related
features inaccessible to conventional bright-field imaging,
enables the network to more accurately reconstruct the fine
structural details present in high-NA bright-field images,
thereby reducing the infinite solution set to a finite set
consistent with physical observations. This fundamentally
improves the well-posedness of the problem. Meanwhile,
bright-field images acquired under the 20 x /0.4-NA objec-
tive serve as the higher-NA reference target for supervised
network training, acknowledging that these images remain
diffraction-limited and represent a higher-resolution bench-
mark within the conventional bright-field modality rather
than an absolute ground-truth representation of the speci-
men. The training pipeline is illustrated in Fig. 1(c).

2.2 Network architecture

Medical image reconstruction tasks require architectures
that effectively balance feature extraction with fine-grained
spatial recovery®. The U-Net architecture® addresses this
through symmetric encoder-decoder paths and skip connec-
tions that mitigate deep-network information loss. Despite

its success in single-modality applications, conventional U-
Net lacks effective mechanisms for integrating multimodal
inputs, presenting challenges for feature fusion and cross-
modal information propagation. Building upon the advan-
tages of the U-Net architecture while addressing its limita-
tions, we propose HBDF-RE, as illustrated in Fig. 2(a),
specifically optimized for resolution enhancement recon-
struction tasks involving bright-field and dark-field image
fusion. Considering the natural alignment characteristics
between dark-field image features and LR bright-field image
features, we introduce a multimodal feature fusion mecha-
nism into HBDF-RE. The network workflow proceeds as
follows: bright-field and dark-field images undergo feature
extraction layers to obtain high-dimensional feature repre-
sentations. Feature maps are progressively down-sampled
through pooling operations along the contracting path,
followed by channel-wise concatenation at the bottleneck
layer to achieve multimodal information fusion. Subse-
quently, spatial resolution is gradually restored through
transposed convolutions along the expanding path, with the
final reconstruction layer outputting the SR image. A deep
CNN architecture is employed for this resolution enhance-
ment task. The network is trained on paired data triplets
(xF, Xpr, ¥er) by minimizing the loss function in a super-
vised way:

. 1 - n N i
arggnm {N Z ([ F([xge, X0 0) _yBF”g} ) (1)
n=1

where F(-;0) denotes the mapping function parameterized
by 0, representing the weights and biases across all network
layers. N denotes the total number of training triplets.
Throughout this process, dense connections® are employed
to improve cross-layer feature flow and enhance training
efficiency, while effectively increasing network depth with-
out getting trapped in local minima. In Fig. 2(b), we illus-
trate the dense block structure, where the I-th layer receives
feature maps from all preceding I-1 layers. The structure is
designed as follows:

xl:Dl([xOW"axlle 9 (2)

where x; denotes the concatenation of feature maps from
layers 0, ..., I—1, and D() includes batch-normalization,
nonlinear activation using the LeakyReLU function, and
3 x 3 convolution. The key hyperparameters of the dense
block include the Growth Rate is set to 12 and the Number
of Convolutions is set to 5.

Furthermore, when evaluating the performance of convo-
lutional neural networks in preserving high-frequency
content in reconstructed images, relying solely on tradi-
tional spatial-domain loss functions may not be optimal.
This is because minimizing pixel-level loss functions (e.g.,
MSE) tends to neglect high-frequency details, thereby bias-
ing toward smooth solutions even when achieving lower loss
values. Taking into account training stability, color fidelity,
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Fig. 2 | The architecture of HBDF-RE follows the form of a Encoder-Decoder framework. (a) Network architecture. (b) The components of

Dense Block.

and related considerations, we propose a spatial-frequency
domain perceptual loss function, defined as a weighted
combination of multiple loss components. This formulation
ensures that the model learns features encompassing both
low-frequency and high-frequency information within
images. This dual-constraint mechanism enables the model
to maintain precise reproduction of fine textures while
pursuing overall reconstruction quality. Specifically, our loss
function comprises two components: spatial-domain mean
squared error (MSE) loss and pixel-wise Fourier-domain
mean squared error (FMSE) loss. The formulation is as
follows:

Loss = a Lossysg + S LoSSeyise 3)
where
1
Lossyse = m Hf(IER) - Fﬁm”i ) (4)
1
Losspmse = m ||]:(f(F£R)) - ]:(I?m)Hz ’ ()

where F denotes the 2D Fourier transform, ||.|| represents
the L2 norm, n denotes the number of images, r represents
the enhancement factor, W and H denote the width and
height of the image, respectively. & and 3 are hyperparame-
ters that control the relative weights of each loss component.
The weight coefficients are experimentally optimized and
determined as & = 0.96 and § = 0.04.

To prevent performance degradation from irrelevant
features, we incorporate an attention mechanism* that
selectively emphasizes diagnostically relevant multimodal
information. The attention module dynamically quantifies
feature correlation between bright-field and dark-field
images through adaptive weight allocation. The attention
mechanism workflow proceeds as follows: Input images
undergo hierarchical feature extraction and dense connec-
tion-based integration to produce feature tensors x<2<°%" and
xeaeder These representations are subsequently channel-wise
concatenated at the network bottleneck layer, yielding the
fused feature tensor. The concatenated features then diverge
into two parallel processing pathways. The decoder branch
performs progressive spatial reconstruction through
cascaded transposed convolution operations to generate the
decoded feature tensor Xyecoder:

encoder

= faecoder (CONCat(xhEO%T yencoder)) (6)

where fi.coqer represents the sequence of transposed convolu-
tion layers in the decoder pathway. Concurrently, the atten-
tion branch applies transposed convolution followed by
Sigmoid activation to produce the spatial attention weight
tensor A € [0,1]:

Xdecoder

encoder

A = 0(fitention (cOncat (xeoder xeneoder)) | (7)

where o denotes the Sigmoid activation function and f,yention
represents the attention pathway transformations. To lever-
age the learned attention weights for adaptive feature

260060 (Page 5 of 14)


https://doi.org/10.29026/oea.2026.260060

Huang RJ et al. Opto-Electron Adv , 260060 (2026)

https://doi.org/10.29026/0ea.2026.260060

modulation, element-wise multiplication is performed
between Xgeodr and A, producing the attention-weighted
feature tensor O:

0= Xdecoder & A. (8)

The attention-modulated tensor O is subsequently
processed through the reconstruction module to generate
the high-resolution pathology image. This attention mecha-
nism enables selective integration of complementary multi-
modal information, improving quantitative metrics by over
20% compared to direct concatenation. To systematically
validate the contribution of each architectural component,
we conducted ablation experiments evaluating the dark-field
reference input, spatial attention mechanism, and spatial-
frequency domain loss function independently and in
combination. Results demonstrate that the dark-field refer-
ence input constitutes the dominant contributor, account-
ing for approximately 60% of the total PSNR gain, while the
spatial attention mechanism and frequency-domain loss
function each provide further complementary improve-
ments. Detailed ablation results are provided in Supplemen-
tary Section 2.

Beyond architectural design, training data quality signifi-
cantly impacts reconstruction performance. Since our
dataset comprises images acquired at varying magnifica-
tions, substantial color space discrepancies arise from instru-
mental differences, optical characteristics, and environmen-
tal factors*'~**. These inconsistencies cause models to expend
computational resources learning color transformations
rather than spatial detail reconstruction, degrading output
quality and generalization. To address this, we implement a
preprocessing strategy based on standard color charts with
known spectral properties, establishing device-independent
mappings that enable the network to focus on genuine
spatial reconstruction. Detailed procedures are provided in
Supplementary Section 3.

3 Results
3.1 Comparisons with other resolution enhancement
methods

To validate the efficacy of the proposed model, we selected
the mainstream single-image resolution enhancement
method U-Net as the baseline and retrained and evaluated
all models on the color-corrected dataset. PSNR and struc-
tural similarity index measure (SSIM) were employed as
quantitative evaluation metrics. As shown in Fig. 3(a), our
method achieves PSNR/SSIM of 28.80 dB/0.88, surpassing
U-Net by 3.2 dB and SRGAN by 3.7 dB. While U-Net yields
higher PSNR than SRGAN, GAN-based methods produce
sharper visual details. Our method combines both advan-
tages. U-Net and SRGAN serve as baselines, representing the
typical performance upper bound under identical hardware
conditions (i.e., using only low-resolution bright-field

images), whereas HBDF-RE demonstrates the achievable
performance when a single dark-field acquisition is added at
minimal additional hardware cost. The purpose of this
comparison is to quantify the gain contributed by the dark-
field reference.

Figure 3(b) presents intensity profiles at the marked line
positions in Fig. 3(a), demonstrating that HBDF-RE recon-
structed images can clearly resolve microscopic features of
approximately 445 nm, approaching the theoretical half-
pitch resolution limit predicted by the synthetic aperture
principle (6 = A/(NAy; + NAL')/2 ~ 431 nm). Compared
to the input low-resolution images, HBDF-RE achieves an
approximately 2.1 resolution enhancement (4 x /0.16-NA,
incoherent half-pitch resolution § =122 x 1/2NA,;/2 =~
953 nm), substantially exceeding the reconstruction capabil-
ity of conventional methods. To further validate this conclu-
sion, a quantitative evaluation experiment based on the
USAF 1951 resolution target was conducted, with detailed
results provided in Supplementary Section 4. The optical
resolution of U-Net reconstructed images is approximately
710 nm, while GAN-based methods achieve 690 nm.

Notably, statistical analysis on the test set reveals that
HBDF-RE achieves an approximately 84% reduction in arti-
fact incidence relative to conventional deep learning
approaches (averaged across U-Net and GAN-based base-
lines). As illustrated in Fig. 3(c), HBDF-RE reconstruction
results exhibit virtually no artifacts such as checkerboard
effects and ringing artifacts commonly observed in tradi-
tional deep learning models. This is attributed to the high-
frequency information provided by dark-field reference
images, which effectively constrains the solution space and
better preserves tissue structural integrity and texture detail
clarity. These introduced artifact deviations not only mislead
pathologists' visual judgment but also severely compromise
feature extraction and classification performance of down-
stream Al analysis models, leading to false-positive or false-
negative diagnoses. Consequently, downstream task perfor-
mance serves as a critical metric for assessing model recon-
struction quality. To this end, we designed a gland segmen-
tation experiment to evaluate the practical utility of images
reconstructed by different resolution enhancement methods
(detailed analysis provided in Supplementary Section 5).

Furthermore, it is worth noting that our method achieves
approximately 11% improvement in reconstruction speed
compared to U-Net models, completing resolution enhance-
ment reconstruction of a single image (3600 pm*) within 60
ms. Visualization S1 presents a comparison of WSI of patho-
logical sections before and after HBDF-RE reconstruction.
Meanwhile, to further assess the generalizability of HBDF-
RE across diverse clinical scenarios, reconstruction experi-
ments were additionally conducted on tissue specimens
prepared with different histological staining protocols,
including Hematoxylin and Eosin (H&E) and Immunobhis-
tochemistry (IHC) staining, with detailed results provided in
Supplementary Section 6. HBDF-RE consistently maintains
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Fig. 3 | Comparisons with other resolution enhancement methods. (a) Reconstruction results display. (b) Reconstruction section line compari-

son. (c) Comparison of reconstruction artifacts.

high reconstruction fidelity across both staining modalities
and heterogeneous tissue architectures, with stable PSNR
and SSIM values observed regardless of staining characteris-
tics. These results confirm the robustness of the proposed
method and underscore its potential for broad deployment
across diverse pathological workflows in clinical practice.

3.2 Analysis of resolution enhancement performance
under different dark-field illumination angles

The aforementioned experiments demonstrate that intro-
ducing dark-field reference images effectively enhances
reconstruction resolution and suppresses artifact generation.
To systematically investigate the influence of illumination
angle on reconstruction performance, we designed three
dark-field imaging modes with different illumination angles:
P1 (corresponding to numerical aperture NA}® &~ 0.21), P2
(NADF ~ 0.42), and P3 (NA)" ~ 0.63), and trained corre-
sponding models and conducted testing under identical
experimental conditions. As shown in Fig 4(b), the
frequency distributions of each illumination mode in

Fourier space exhibit significant differences, with yellow
circles demarcating the numerical aperture range of the
objective. Under incoherent illumination, the optical trans-
fer function (OTF) support domain of the bright-field chan-
nel is bounded by a cutoff frequency of 2NAg,;/A, corre-
sponding to approximately 0.32/500 nm for the 4x /0.16-
NA objective. Dark-field oblique illumination, by contrast,
causes the scattered light to carry spatial frequency compo-
nents beyond this bright-field OTF cutoff, thereby provid-
ing the deep learning network with high-frequency struc-
tural priors that are entirely inaccessible from bright-field
images alone. The frequency coverage range of these modes
directly determines the quantity and quality of such high-
frequency prior information available for reconstruction.
Quantitative evaluation results (Fig. 4(a)) indicate that the
P2 mode achieves optimal performance, with PSNR reach-
ing 28.59 dB and resolution of 445 nm, representing signifi-
cant improvements over P1 (26.93 dB, 680 nm) and P3
(27.46 dB, 650 nm), respectively. Figure 4(c) presents the
Fourier spectra corresponding to Fig. 4(a). The spectrum of
the bright-field (LR) image is predominantly concentrated
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Fig. 4 | Systematic investigation of dark-field illumination angle effects on resolution enhancement reconstruction quality. (a) Reconstruction
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within an aperture radius of 1xNA, extending to the
boundary of the OTF support domain (2xNA). The P1
mode effectively covers the OTF support domain, the P2
mode extends frequency coverage to approximately 3 x NA-
supplying the network with the richest high-frequency
constraint information and most effectively reducing the ill-
posed solution space of resolution enhancement, whereas
the effective frequency coverage of reconstructed images
under the P3 mode exhibits a significant decline relative to
P2, accompanied by a markedly reduced signal-to-noise
ratio in the high-frequency spectral region, as evidenced by
the Fourier spectral analysis in Fig. 4(c). It should be empha-
sized that the resolution enhancement achieved in this work
does not rely on direct frequency-domain synthesis in the
manner of FPM; rather, the deep learning network exploits
the high-frequency scattering information embedded in the
dark-field image as a physical constraint to guide the learn-
ing of a mapping from low-resolution bright-field inputs to
their high-resolution counterparts. The physical basis of this
resolution gain therefore lies in the dark-field image serving

as a source of high-frequency structural priors that effec-
tively narrows the solution space of the inverse problem,
enabling more reliable recovery of fine structural detail. The
grayscale intensity profiles in Fig. 4(d) further confirm the
superiority of the P2 mode in edge sharpness and high-
frequency information recovery. More importantly,
compared to the P2 mode, the artifact incidence in recon-
structed images under P1 and P3 illumination conditions
increased by approximately 20%-30%. This phenomenon
indicates that in dark-field-assisted resolution enhancement
reconstruction, the selection of dark-field reference images
is particularly critical. Under the P1 mode, the frequency
coverage provided by dark-field images is limited, resulting
in insufficient physical constraints on the solution space;
whereas the P3 mode, despite possessing broader frequency
coverage, suffers from two compounding degradation mech-
anisms. First, the larger dark-field illumination numerical
aperture (NA)" = 0.63) introduces a greater oblique illumi-
nation angle, leading to further attenuation of the scattered
signal energy. Under an unchanged camera noise floor, the
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weakened dark-field signal becomes increasingly susceptible
to imaging noise, thereby compromising the reliability of the
high-frequency structural priors. Second, the incoherent
bright-field channel is limited by a cutoff frequency of
2NA;/A, corresponding to spectral support up to approxi-
mately NA = 0.32. Under the P2 configuration, the dark-
field annular passband (NA ~ 0.26-0.58) partially overlaps
with the bright-field spectrum, enabling continuous spectral
coverage from low to high spatial frequencies. In contrast,
the P3 passband shifts outward (NA =~ 0.47-0.79), introduc-
ing an unsampled spectral gap between NA = 0.32-0.47.
This discontinuity limits the network's ability to learn a
physically continuous mapping between low- and high-
frequency information, thereby reducing the reliability of
high-frequency constraints for robust resolution enhance-
ment. Meanwhile, the three dark-field modes were evalu-
ated across multiple histological staining protocols, includ-
ing Hematoxylin and Eosin (H&E), Papanicolaou (Pap), and
Immunohistochemistry (IHC) staining. The P2 mode
consistently achieves superior PSNR and SSIM performance
across all staining conditions, confirming that the optimal
illumination selection criterion identified above exhibits
robust generalizability independent of staining modality,
with detailed results provided in Supplementary Section 6.
Therefore, selecting dark-field images with optimal illumi-
nation parameters and conducting rigorous quantitative
characterization of illumination uniformity across different
dark-field modes are both crucial for achieving robust, low-
artifact reconstruction.

3.3 HBDF-RE for Al-assisted cervical cancer
diagnosis

Typical cervical cytology WSIs contain tens of thousands of
cells, rendering manual evaluation not only time-consum-
ing and labor-intensive but also subject to significant inter-
observer variability. Despite the widespread implementa-
tion of cervical cytology screening programs, diagnostic
precision remains critically influenced by pathologist profi-
ciency and clinical experience. Recent developments in arti-
ficial intelligence have revealed considerable promise for
automating cervical cytology evaluation; nevertheless, diag-
nostic efficacy continues to be fundamentally limited by the
quality of input images. While employing low-magnifica-
tion objective lenses facilitates rapid specimen throughput,
the resultant WSIs often exhibit regions of cellular blurring,
which substantially impairs the extraction of critical
morphological features and compromises diagnostic
certainty. This tension reflects a fundamental dilemma
inherent to current clinical pathological workflows: low-
magnification scanning (e.g., 4x /0.16-NA) offers high
throughput and low cost conducive to large-scale screening,
yet provides insufficient resolution for reliable identifica-
tion of diagnostically critical features such as nuclear atypia
and mitotic figures; conversely, high-magnification scan-

ning (e.g., 20 x /0.4-NA or 40 x /0.65-NA) delivers adequate
diagnostic resolution at the expense of scanning times
approximately an order of magnitude longer and data stor-
age requirements nearly two orders of magnitude greater,
severely constraining the feasibility of population-scale
screening programs. HBDF-RE addresses this inherent
throughput-resolution trade-off by supplementing low-
magnification bright-field acquisition with a single dark-
field capture per field of view, incurring an additional
temporal overhead of less than 1/30 second, thereby achiev-
ing image quality approaching that of high-magnification
scanning at minimal hardware cost. This capability carries
particular practical significance for resource-limited primary
healthcare settings and large-scale population screening
initiatives. Accordingly, optimizing the resolution and image
clarity of digitized slides represents an essential prerequisite
for enhancing Al-supported diagnostic accuracy. Based on
these considerations, liquid-based cervical cytology speci-
mens were selected to evaluate the clinical applicability of
the HBDF-RE methodology within Al-enhanced diagnostic
pipelines.

To develop the cell-level classification model, we
employed a ResNet-50-based architecture trained on liquid-
based cytology specimens obtained from the repository at
Ningbo Pathology Diagnostic Center. A total of 980 WSIs
were acquired from the center, from which 103,258 liquid-
based cytology cell specimens were extracted. The 980 WSIs
were subsequently partitioned at the slide level into training,
validation, and test subsets following a 7 i 1 2 stratified
allocation, yielding 686, 98, and 196 WSIs, respectively. All
specimens were digitally scanned and annotated by experi-
enced pathologists who classified them into five categories
based on clinical management protocols: The high-grade
lesion and carcinoma category includes high-grade squa-
mous intraepithelial lesions (HSIL) and squamous cell carci-
noma (SCC), all indicating significant precancerous progres-
sion or confirmed malignancy necessitating prompt colpo-
scopic examination, tissue biopsy, and oncological treat-
ment pathways. The ASC-US category consists of atypical
squamous cells of undetermined significance, representing
minimal malignant transformation potential and requiring
human papillomavirus (HPV) testing to determine subse-
quent management. The LSIL category encompasses low-
grade squamous intraepithelial lesions, indicating mild
cellular changes that warrant routine colposcopic observa-
tion. The glandular abnormality category includes atypical
glandular cells (AGC) and adenocarcinoma in situ (AIS),
requiring targeted diagnostic approaches including endocer-
vical curettage or endometrial tissue collection. Lastly, the
normal findings category comprises cases showing Negative
for Intraepithelial Lesion or Malignancy (NILM), requiring
no additional clinical action. The class distribution across
the five categories is as follows: NILM accounts for approxi-
mately 68.3% of specimens, followed by ASC-US (12.7%),
LSIL (9.8%), HSIL/SCC (6.4%), and AGC/AIS (2.8%),
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reflecting the inherent class imbalance characteristic of clini-
cal cytological screening populations. To mitigate the
adverse effects of this imbalance on model performance,
targeted data augmentation strategies, including random
rotation, horizontal and vertical flipping, and color jittering,
were applied exclusively to the minority classes (AGC/AIS
and HSIL/SCC), thereby enhancing the model's discrimina-
tive capacity for these diagnostically critical yet underrepre-
sented categories.

The Al-assisted diagnostic workflow is depicted in Fig. 5(a).
Following digitization of liquid-based cytology slides via
scanning, a pre-trained deep learning classification model
autonomously identifies the majority of cells, enabling
pathologists to concentrate exclusively on Al-designated
regions of diagnostic interest. This paradigm obviates the
necessity for exhaustive manual examination of hundreds to
thousands of individual cells, thereby markedly enhancing
diagnostic efficiency. Nevertheless, inherent resolution
constraints of conventional scanning systems frequently
compromise Al model performance when confronted with
suboptimal image quality. As demonstrated in Fig. 5(b),
morphologically ambiguous cells often result in systematic
misclassification, with atypical and malignant lesions being
erroneously categorized as cellular debris. Conversely, appli-
cation of HBDF-RE resolution enhancement reconstruction
substantially ameliorates diagnostic accuracy, enabling the
AT model to correctly identify pathological entities that
would otherwise be misclassified. To rigorously quantify the
clinical utility of HBDF-RE enhancement, we implemented a
comprehensive comparative framework comprising six

distinct diagnostic paradigms: Al-based autonomous inter-
pretation, expert pathologist interpretation, and Al-
augmented collaborative interpretation, with each modality
systematically evaluated on both native scanner-acquired
images and HBDF-RE reconstructed counterparts. The test
set comprised 34,638 cellular specimens extracted from 196
WSIs. Twelve board-certified pathologists from Zhejiang
Provincial People's Hospital were stratified into two inde-
pendent annotation groups of six members each, with
discordant classifications adjudicated by senior expert
consensus to establish definitive reference standards.

The results demonstrate that HBDF-RE substantially
enhances the entire Al-assisted diagnostic process, from
data quality to interpretation reliability. Systematic perfor-
mance evaluation across all diagnostic categories revealed
consistent improvements in accuracy, sensitivity, and speci-
ficity (Fig. 5(c)), with sensitivity showing a relative enhance-
ment of 11.14%. Comprehensive metrics across all diagnos-
tic categories are summarized in Extended Data Table 1 and
Fig. 5(d). Notably, the HBDF-RE-enhanced AI system
achieved superior diagnostic performance compared to all
other evaluated paradigms, with particularly pronounced
improvements in diagnostically challenging categories such
as AGC/AIS. Compared to the original images, U-Net
reconstruction improved diagnostic performance by 8.48%
and SRGAN by 9.76% in AGC/AIS cases, while HBDF-RE
achieved a substantially higher improvement of 17.32%.
These findings collectively demonstrate that HBDF-RE
reconstruction amplifies Al diagnostic capability throughout
the clinical workflow. Moreover, the substantial artifact

a
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Fig. 5 | Comparative analysis under different diagnostic conditions. (a) Al-assisted cervical cancer diagnosis process. (b) Comparisons of Al-
assisted results between Raw WSI and HBDF-RE WSI. (c) Relative improvements in accuracy, sensitivity, and specificity after applying HBDF-
RE (without NILM cases). (d) Accuracy, sensitivity, and specificity of full cervical cytological grading after applying HBDF-RE.
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Table 1 | Sensitivity, specificity and accuracy for Al, P, and Al-P across different categories under raw image and HBDF-RE method.

Al HBDF-RE Al-P HBDF-
Performance | - owimage P Rawimage " R A1 uBDFE-RE AlHBDE-RE 0 HBOF oo AlRaw T HBDFREVS. e o alp
metrics image RE . P Raw image .
image Raw image
SCC HSIL
Sensitivity 0.907 [0.883 - 0.919 [0.891 0.924 [0.878 0.937 [0.908 0.974 [0.931 0.989 [0.907 - . . .
(95% Cl) 0.958] - 0.964] - 0.956] -0.968] -0.982] 1.000] 3.31% 5.98% 7.53%
Specificity 0.920 [0.889 - 0.939 [0.901 0.957 [0.904 0.977 [0.931 0.983 [0.946 0.989 [0.956 - . . .
(95% Cl) 0.954] - 0.956] -0.971] -0.997] -0.989] 0.998] 6.19% 4.58% 3.57%
Accuracy  0.909 [0.882 0.927 [0.906 0.939 [0.896 0.956 [0.905 0.965 [0.929 0.987 [0.955 - ; . .
(95% CI) - 0.949] -0.947] - 0.969] -0.972] -0.981] 0.996] 5.10% 4.09% 5.12%
ASC-US
Sensitivity 0.853 [0.810 - 0.867 [0.801 0.889 [0.825 0.941 [0.908 0.959 [0.931 0.979 [0.967 - . . ,
(95% Cl) 0.878] - 0.880] -0.903] - 0.968] -0.982] 0.990] 10.66% 10.69% 10.51%
Specificity 0.847 [0.802 - 0.853 [0.824 0.879 [0.830 0.950 [0.901 0.963 [0.946 0.978 [0.953 - . . .
(95% Cl) 0.854] -0.879)] -0.886] -0.987] -0.989] 0.998] 12.28% 12.97% 11.26%
Accuracy 0.838 [0.818 - 0.840 [0.805 0.882[0.855 0.936 [0.919 0.956 [0.929 0.973 [0.955 - . . ,
(95% Cl) 0.849] -0.857] -0.898] -0.972] -0.981] 0.996] 11.69% 13.81% 10.32%
LSIL
Sensitivity 0.875 [0.842 - 0.907 [0.891 0.910 [0.902 0.923 [0.897 0.957 [0.906 0.984 [0.903 . . .
(95% Cl) 0.887] -0.930] - 0.955] -0.998] - 0.996] ~0.998] 5.46% 5.80% 8.21%
Specificity 0.851 [0.809 - 0.886 [0.823 0.917 [0.833 0.926 [0.899 0.938 [0.902 0.985 [0.929 - . . .
(95% Cl) 0.864] - 0.895] -0.928] -0.967] -0.989] 0.998] 8.73% 6.13% 7.29%
Accuracy 0.857 [0.809 - 0.896 [0.849 0.933 [0.861 0.927 [0.896 0.945 [0.907 0.988 [0.918 - . . ,
(95% Cl) 0.877] -0.928] - 0.958] -0.980] -0.992] 0.997] 8.17% 5.67% 5.89%
AGC AIS
Sensitivity 0.745[0.713 - 0.749 [0.726 0.768 [0.738 0.868 [0.838 0.878 [0.841 0.901 [0.877 - . , ,
(95% Cl) 0.772] -0.783] -0.794] -0.898] -0.902] 0.930] 16.32% 17.22% 17.32%
Specificity 0.798 [0.746 - 0.803 [0.732 0.811[0.783 0.901 [0.861 0.907 [0.856 0.922 [0.889 -
12.20% 12.67% 13.69%
(95% CI) 0.810] -0.837] - 0.846] -0.937] -0.929] 0.928] 0% 67% 3.69%
Accuracy 0.766 [0.727 - 0.778 [0.727 0.783[0.739 0.885 [0.855 0.891 [0.879 0.908 [0.885 - . . ,
(95% Cl) 0.794] -0.802] -0.817] -0.912] -0.911] 0.926] 15.54% 14.52% 15.96%
NILM
Sensitivity 0.928 [0.900 - 0.940 [0.938 0.959 [0.948 0.963 [0.950 0.975 [0.965 0.980 [0.913 . . .
(95% Cl) 0.940] -0.962] -0.962] -0.982] -0.985] ~0.998] 3.77% 3.70% 2.19%
Specificity 0.893 [0.860 - 0.897 [0.883 0.905 [0.882 0.963 [0.899 0.974 [0.951 0.985 [0.950 . . .
(95% Cl) 0.912] -0.919] -0.908] -0.986] -0.987] —0.999] 7.81% 8.58% 8.84%
Accuracy 0.905 [0.875 - 0.919 [0.901 0.938 [0.921 0.963 [0.915 0.979 [0.885 0.986 [0.911 . . ,
(95% Cl) 0.935] -0.925] -0.951] -0.985] -0.986] ~0.998] 6.41% 6.53% 5.42%

reduction not only enhances algorithmic performance but
also provides pathologists with clearer, more reliable images
for manual interpretation. To complement the objective 84%
reduction in artifact incidence, a perceptual evaluation was
conducted using a Mean Opinion Score (MOS) protocol, in
which six board-certified pathologists independently
performed blinded assessments of 1,000 reconstruction
images randomly sampled from the test set. Evaluators rated
each image on a five-point scale ranging from 1 (severe arti-
facts present) to 5 (no visible artifacts), with assessment
criteria encompassing the severity of checkerboard effects,

ringing artifacts, and textural distortion. Images receiving
MOS scores below 3 were subsequently re-evaluated follow-
ing HBDF-RE processing; 84% demonstrated score
improvements to the 4-5 range, corroborating the quantita-
tive findings and confirming that HBDF-RE effectively
suppresses the artifact categories most prevalent in deep
learning-based resolution enhancement, with strong impli-
cations for clinical deployment. HBDF-RE reconstructed
images thereby offer artifact-free tissue representation and
significantly reduced scanning time, providing key clinical
advantages.
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4 Conclusions

In this study, we propose a deep learning approach (HBDF-
RE) that integrates bright-field and dark-field dual-modal
images to systematically address the prevalent issues of arti-
fact generation and detail loss in traditional single-image
resolution enhancement reconstruction. HBDF-RE exploits
complementary modal characteristics through an encoder-
decoder network integrated with spatial attention mecha-
nisms, fusing low-resolution bright-field and dark-field
images to enable end-to-end learning and enhanced feature
representation. The spatial-frequency domain joint loss
function ensures simultaneous optimization of low-
frequency structural integrity and high-frequency details.
Experimental results show that HBDEF-RE reconstructs
images approaching the quality of the higher-NA bright-
field reference, achieving an approximately 2.1x effective
structural resolvability enhancement relative to the low-NA
input, and compared with typical single-image resolution
enhancement methods, the PSNR is improved by 3.2 dB,
while the occurrence of artifacts is reduced by 84%. More
importantly, in Al-assisted cervical cancer diagnosis, the
diagnostic sensitivity of HBDF-RE reconstructed images is
improved by 11.14%. These results demonstrate that HBDF-
RE provides a practical and scalable solution for robust reso-
lution enhancement in digital pathology. By enabling high-
performance imaging through affordable, low-NA
microscopy rather than expensive optics system, this
method represents a paradigm shift from hardware-depen-
dent to deep learning-enabled enhancement, paving the way
toward accessible whole-slide imaging in clinical settings
and integration into next-generation diagnostic platforms.
Future work will focus on rigorous quantitative validation
through OTF analysis of effective contrast transfer under
different illumination modes, which will further consolidate
the theoretical foundation of the proposed framework and
strengthen its translational potential in clinical deployment.

5 Experimental setup and dataset
preparation

Given the absence of publicly available cytopathological
section datasets for model training, we utilized 90 tissue
samples provided by KonFoong Biotech International Co.,
Ltd. (Yuyao, Zhejiang, China), encompassing multiple stain-
ing types. By integrating a custom-designed programmable
illumination source into the company's KF-PRO-005-EX
scanner system with control software, we digitized the 90
tissue samples into WSI across different modalities (bright-
field and dark-field) and resolutions (4x /0.16-NA and 20 x
/0.4-NA). The system is equipped with the color camera
(The Imaging Source, DFK 33UX226, 1.85 pm pixel size)
operating at a frame rate of 30 fps. Bright-field and dark-
field images acquired under the 4x objective served as
model inputs, while bright-field images acquired under the

20 objective served as ground-truth training labels.

All data were subjected to color correction using the
proposed color calibration strategy. During data processing,
20x images were divided into 640 x 640 pixel patches with
50% overlap to ensure boundary continuity, while corre-
sponding 4x bright-field and dark-field images were
cropped to 128 x 128 pixels for network training. Informa-
tion entropy filtering (threshold < 5) was employed to
remove blank background regions. Ultimately, 146,776
strictly registered image patch pairs were obtained, with
102,744 pairs allocated for model training and the remain-
ing 44,032 pairs for testing. During testing, weighted aver-
age stitching was performed using the Image] library in FIJI
software to handle overlapping regions. All models were
trained using the Adam optimizer with parameters §, = 0.9
and 8, = 0.999. The initial learning rate was set to 1 x 10~*,
with a scheduling strategy that halved the learning rate every
300 epochs. Training was conducted on a platform equipped
with an Intel Core™ i9-14900K processor and NVIDIA RTX
4090 GPU, running Ubuntu 20.04.
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