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Abstract
Neuromyelitis optica spectrum disorder (NMOSD) diagnosis currently relies on the cell-based assay (CBA) as the gold standard for
detecting aquaporin-4 (AQP4) antibodies. However, manual interpretation of AQP4 antibody immunofluorescence images is
subjective, time-consuming, and prone to variability. These images often exhibit challenges such as small, densely distributed positive
signals, weak fluorescence intensity, and severe background interference from non-specific binding or artifacts.To address these issues,
we propose an improved YOLO-based model, termed YOLO-SCS, built upon YOLOv11, for accurate detection of positive signals in
AQP4 immunofluorescence images. First, a high-quality dataset of AQP4 immunofluorescence images was constructed with precise
annotations. A Gaussian Peak-optimized Channel Adjustment (GPCA) algorithm was designed for preprocessing to enhance weak
fluorescence contrast while effectively suppressing background noise. On the YOLOv11 architecture, we incorporated the SPD-Conv
module in the downsampling stages to preserve fine-grained spatial features critical for small targets. Additionally, a shape-aware
Normalized Wasserstein Distance (NWD) loss function was adopted to improve bounding box regression accuracy for densely
overlapping and irregularly shaped positive regions. Experimental evaluations on a clinically representative dataset
(positive-to-negative ratio of 1:9) demonstrated superior performance: the proposed YOLO-SCS achieved a positive detection rate of
98.4%, negative specificity of 100%, mAP@0.5 of 0.6971, and mAP@0.5:0.95 of 0.4256. These metrics significantly outperform the
baseline YOLOv11 and other state-of-the-art improved models. The model reliably distinguishes specific positive fluorescence signals
from background impurities, providing robust automated interpretation support for AQP4 immunofluorescence in NMOSD clinical
diagnosis and potentially reducing diagnostic turnaround time and inter-observer variability.
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Introduction

Neuromyelitis optica spectrum disorder (NMOSD) is a rare but
severe autoimmune disorder of the central nervous system,
characterized by recurrent attacks of optic neuritis, transverse
myelitis, and other debilitating neurological symptoms. Early
and accurate diagnosis is critical, as timely initiation of
immunosuppressive therapies can prevent irreversible disability
and improve long-term outcomes[1-3]. Detection of aquaporin-4
(AQP4) antibodies is a key diagnostic criterion and highly
specific biomarker for most NMOSD cases, directly influencing
treatment decisions and prognosis. The cell-based assay using
indirect immunofluorescence (CBA-IFA) remains the gold

standard for AQP4 antibody detection due to its high sensitivity
and specificity[1-6]. However, conventional manual interpretation
of these immunofluorescence images is labor-intensive,
subjective, and prone to inter-observer variability, limiting its
scalability in clinical settings and hindering quantitative
analysis[7-11].
Despite the rapid progress in deep learning for medical image

analysis, automatic interpretation of AQP4 immunofluorescence
images remains underdeveloped[12, 13]. Existing object detection
models often struggle with the domain-specific challenges of
these images: positive signals manifest as small, densely
overlapping membrane patterns on astrocytes; fluorescence
intensity is frequently weak; and non-specific background
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fluorescence, impurities, and artifacts introduce severe
interference. These factors lead to frequent missed detections,
false positives, and poor localization accuracy in standard
models, including recent YOLO variants[14, 15]. Previous
applications of deep learning to immunofluorescence or cell
detection have primarily focused on brighter, larger, or less
noisy targets (e.g., blood cells or general microscopy), leaving a
clear gap in handling the subtle, dense, and noisy characteristics
unique to AQP4 antibody patterns[16, 17]. To bridge this gap, the
present study targets the automated and reliable detection of
positive AQP4 signals in real-world clinical
immunofluorescence images[18-27]. The core objective is to
develop a robust object detection model capable of accurately
identifying weak, small, and densely distributed positive regions
while effectively suppressing background noise and artifacts,
thereby supporting faster, more consistent, and quantitative
AQP4 antibody interpretation for NMOSD diagnosis[28-30].
We first collaborated with clinical experts to acquire

thousands of authentic patient immunofluorescence images via
automated imaging systems and carefully annotated
approximately 1,000 representative images, precisely
delineating positive signals, background signals, ambiguous
areas, and impurities to create a high-quality, clinically
representative dataset[31, 32]. For preprocessing, we designed a
Gaussian Peak-optimized Channel Adjustment (GPCA)
algorithm that combines Gaussian filtering and adaptive
thresholding to enhance weak fluorescence contrast and
suppress noise. Building on YOLOv11, which is the latest
version offering optimized feature extraction and fusion. we
propose YOLO-SCS, an enhanced model incorporating two key
innovations: (1) integration of the SPD-Conv module in
downsampling layers to preserve fine-grained spatial details
essential for small targets, and (2) adoption of a shape-aware
Normalized Wasserstein Distance (NWD) loss function to
improve bounding box regression precision for densely
overlapping and irregularly shaped positive regions. The paper
is organized as follows: Section 1 introduces the dataset
construction, design, and preprocessing algorithm. Section 2
details the YOLO-SCS architecture. Section 3 presents the

analysis of the results. Section 4 summarizes the content of this
paper.

1. Literature Review

1.1 Data Acquisition

The experimental data are derived from real clinical detection
samples provided by Shaanxi Maiyuan Biotechnology Co., Ltd.,
and all images are collected by the self-developed fully
automatic immunofluorescence slide scanning equipment of the
company. The sample types include serum and cerebrospinal
fluid of clinically diagnosed or suspected NMOSD patients,
covering different antibody titer levels and various typical
fluorescent forms. The resolution of all original images is
2592×1944 pixels, and the format is lossless TIFF or
high-fidelity JPG to retain the microscopic detail information to
the maximum extent. The dataset includes a total of 7164
images, among which 1478 are typical positive images, 5517
are typical negative images and 169 are weak positive images.

1.2 Data Annotation

To ensure high-quality ground truth for training and evaluation,
experienced clinical laboratory experts were invited to guide the
annotation process. A fine-grained multi-class labeling strategy
was adopted to mitigate model misjudgments caused by
complex background interference, non-specific fluorescence,
and artifacts commonly encountered in real-world AQP4
immunofluorescence images[33, 34]. The open-source annotation
tool LabelImg was employed for manual bounding-box labeling,
enabling pixel-level precise rectangular annotations of various
image elements. As illustrated in Figure 1, four distinct
categories were defined to comprehensively capture the image
content: Category 0 for background fluorescence (non-specific
or weak diffuse signals), Category 1 for positive cells (specific
membrane-pattern fluorescence indicating AQP4 antibody
binding), Category 2 for impurities and stains (artifacts, debris,
or contamination), and Category 3 for ambiguous/low-quality
regions (blurry, overexposed, or uncertain areas). A total of
approximately 1,000 high-resolution, high-cell-density
immunofluorescence images were meticulously annotated.
These images were selected from

Figure 1. Classification and Examples of Marked Signals

thousands of real patient samples collected using automated
imaging equipment, ensuring clinical representativeness and
diversity in positive-to-negative ratios, fluorescence intensity
variations, and interference levels. To maintain balanced class
distributions and guarantee objective model evaluation, the
annotated dataset was divided into training, validation, and test

sets using a stratified sampling approach with a ratio of 7:2:1.
Stratification was performed based on the proportion of each
annotation category and overall positivity status, preventing
distribution bias across subsets and enhancing the reliability of
performance metrics. This carefully constructed dataset, with
expert-supervised multi-class annotations, provides a robust
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foundation for addressing the challenges of small, dense, weak,
and noisy positive signals in AQP4 immunofluorescence
detection.

1.3 Image Preprocessing: Gaussian Peak-optimized Channel

Adjustment

AQP4 immunofluorescence images frequently exhibit low
contrast, non-uniform illumination, and severe background
noise interference due to inherently weak fluorescence signals,
non-specific binding, and various imaging artifacts[35-40].
Conventional contrast enhancement methods, such as histogram
equalization, tend to over-amplify background noise or fail to
selectively preserve the subtle membrane patterns characteristic
of positive cells, often resulting in reduced signal-to-noise ratio
or loss of diagnostically relevant structural details.
To address these challenges more effectively, we propose the

Gaussian Peak-optimized Channel Adjustment (GPCA)
algorithm, a specialized preprocessing technique developed
specifically for AQP4 immunofluorescence images. Statistical
examination of brightness histograms from a large collection of
such images consistently reveals a bimodal or multimodal
distribution: a prominent low-brightness peak corresponds to the
extensive dark background, while one or more higher-brightness
peaks represent the foreground fluorescence signals, primarily
associated with membrane-bound positive patterns.
The GPCA algorithm operates through three integrated steps

(Figure 2). First, Gaussian smoothing and histogram
continuization are applied by convolving the one-dimensional
brightness histogram of the input image with a Gaussian kernel.
This process suppresses minor fluctuations induced by discrete

noise and quantization artifacts, converting the jagged discrete
histogram into a smooth, continuous density function that
facilitates precise localization of peak centers[41-43]. Second,
peak detection and interval partitioning are performed using an
automated peak-finding algorithm on the smoothed histogram.
The initial major peak is designated as the background mode
(reflecting average noise intensity), while subsequent prominent
peaks indicate the effective fluorescence signal modes, thereby
establishing critical intensity thresholds to separate background,
transitional, and signal-dominant regions. Third, an adaptive
piecewise linear gray-level mapping function is constructed
from these peak positions. Pixels below the background peak
threshold are strongly suppressed (mapped close to zero) to
eliminate diffuse autofluorescence and non-specific noise;
intensities in the vicinity of the signal peak undergo non-linear
stretching with a steeper mapping slope to selectively enhance
the contrast and edge sharpness of weak positive membrane
signals; and high-intensity outliers, such as saturated noise or
bright artifacts, are clipped to maintain dynamic range balance
and prevent over-enhancement.
By leveraging the characteristic histogram peaks in an

adaptive, data-driven manner, GPCA effectively suppresses
background autofluorescence, substantially improves the clarity
and sharpness of positive cell membrane edges, and
concurrently optimizes color balance and signal-to-noise ratio
across channels. This results in cleaner, higher-contrast input
images that retain critical structural details, thereby providing
significantly enhanced input quality for subsequent deep
learning-based object detection models, especially in scenarios
involving small, densely distributed, low-intensity targets amid
complex clinical interference.

Figure 2. Step-by-step effect display of GPCA processing of fluorescence images

2. YOLO-SCS Model Design

The proposed YOLO-SCS model takes YOLOv11 as its
foundational architecture, chosen for its excellent trade-off
between real-time inference speed and high detection accuracy
in challenging visual scenarios[44-48]. Building on previous
versions, YOLOv11 introduces several important refinements,
including the more efficient C3k2 block in the backbone to
improve feature representation while reducing computational
cost, an optimized Path Aggregation Network in the neck for

better multi-scale feature integration, and enhanced attention
mechanisms that strengthen global context perception without
sacrificing millisecond-level processing speed[18-23]. These
advancements render YOLOv11 highly suitable for
high-throughput clinical tasks such as the automated
interpretation of AQP4 immunofluorescence images.
Nevertheless, when applied directly to this specific domain, the
original YOLOv11 encounters notable shortcomings. The tiny
membrane-pattern fluorescence signals of positive cells, often
only a few pixels in width, suffer substantial feature loss during

Original image After Gaussian filtering After processing with the adaptive threshold
method for peak-seeking
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conventional downsampling operations, frequently resulting in
missed detections of weak positive signals. Additionally, the
dense overlapping arrangement of HEK-293 cells in these
images leads to poor bounding box regression accuracy,
manifesting as boundary drift, duplicate predictions, or
incomplete localization of targets.
To overcome these domain-specific difficulties, the

YOLO-SCS model incorporates two principal modifications.
The first is the integration of the Space-to-Depth Convolution
module, known as SPD-Conv, which is strategically embedded
into selected downsampling layers of the backbone network to
achieve lossless resolution reduction. In SPD-Conv, an input
feature map X with dimensions S × S × C₁ undergoes a

Space-to-Depth rearrangement with scale factor s (commonly

s=2), which partitions the spatial dimensions into s² sub-maps
and concatenates them along the channel axis, producing an
intermediate feature map of size S/s × S/s × s²C₁. This operation
downsamples spatially while preserving every original pixel
value, circumventing the irreversible information discard typical
of strided convolution or pooling (Figure 3). A subsequent
non-strided convolution layer then adjusts the channel
dimension to C₂ and performs feature refinement, yielding the
output Y with dimensions S/s × S/s × C₂. By placing
SPD-Conv modules at critical downsampling positions, the
model retains richer low-level texture and edge information vital
for detecting small and weakly fluorescent positive signals,
thereby markedly improving recall performance in low-contrast

and small-target conditions.

Figure 3. SPD-Conv Module.

The second key improvement addresses the regression
challenges in densely packed cell regions by replacing the
conventional IoU-based regression loss with the Shape-aware
Normalized Wasserstein Distance loss, referred to as
Shape-NWD. This loss treats each bounding box as a
two-dimensional Gaussian distribution N(μ, Σ), where μ
represents the center coordinates and Σ is the covariance matrix
derived from the box width and height. The squared Wasserstein
distance between two such modeled boxes A and B is calculated
as :

W2
2 A,B =∥μA-μB∥2

2+∥ΣA

1
2 -ΣB

1
2∥F

2 1

which simultaneously quantifies positional deviation and shape
dissimilarity in a geometrically interpretable manner. The
Normalized Wasserstein Distance is then obtained through an
exponential mapping:

NWD A,B =ex p 0 W2
2 A,B

C 2

where C is a tunable constant that controls the sensitivity scale.
The Shape-NWD loss, typically formulated as 1 − NWD(A, B),
delivers smooth and continuous gradients even when boxes
exhibit minimal or no overlap, enabling more precise
adjustments to both position and shape during training. This
probabilistic modeling approach significantly alleviates issues
such as detection drift, duplication, and missed targets in dense
cell clusters.
The overall structure of YOLO-SCS follows the classic

YOLO pipeline while seamlessly incorporating these
enhancements (Figure 4). Preprocessed AQP4 images,

enhanced by the GPCA algorithm, are first resized to a uniform
640×640 resolution, normalized, and subjected to Mosaic data
augmentation during training to boost robustness against
variations in scale, illumination, and background interference.
The feature extraction backbone, built on the refined YOLOv11
design with C3k2 blocks, extracts multi-scale features, with
SPD-Conv modules inserted at key downsampling stages to
safeguard small-target details and multi-scale pooling combined
with separable convolutions to suppress background impurities.
In the neck, the optimized PANet conducts bidirectional fusion:
top-down pathways propagate high-level semantic information
to lower-resolution maps, while bottom-up pathways aggregate
precise positional and shape cues from shallow layers, thereby
strengthening the representation of both small and densely
clustered targets. Finally, the prediction head processes the
fused multi-scale features to output bounding box coordinates,
objectness confidence scores, and class probabilities. During
training, the Shape-NWD loss guides regression optimization in
conjunction with standard classification and objectness losses,
and at inference, non-maximum suppression is applied to
produce accurate final detections of positive fluorescence
signals.
Through the synergistic combination of lossless downsampling
via SPD-Conv and robust dense-target regression via
Shape-NWD, YOLO-SCS achieves substantially improved
performance in identifying weak, small, and densely distributed
positive signals within the complex environment of AQP4
immunofluorescence images, establishing a solid technical
foundation for automated support in NMOSD clinical diagnosis.
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Figure 4. Framework of the YOLO-SCS model

3 Experimental Design and Result Analysis

3.1 Experimental Setup

All experiments were performed in a unified hardware and
software environment to ensure reproducibility and
comparability of results. The computational platform was
equipped with an NVIDIA RTX 4000 GPU featuring 24 GB of
video memory. The software environment utilized Python 3.8
and the PyTorch deep learning framework. Model training
adopted the following key hyperparameters: a batch size of 16,
an initial learning rate of 0.01, a final learning rate of 0.001
under a one-cycle scheduling policy, the SGD optimizer with
standard momentum and weight decay, and a total of 200
epochs (Figure 5a-c). Hyperparameter optimization, including
the kernel size of the SPD-Conv module, was conducted
through systematic grid search and ablation experiments. The
optimal convolution kernel size was determined to be 3×3,
which effectively captures fine details of small fluorescent
membrane patterns while preventing unnecessary increases in
computational complexity from larger kernels.

3.2 Training Convergence and Validation Performance

The training process was tracked using validation set metrics,
which showed rapid initial gains in performance followed by
gradual stabilization. The mAP@0.5 curve rose sharply in the
early epochs and exhibited progressively smaller fluctuations as
training continued. Peak performance was reached around epoch
190, with mAP@0.5 attaining 0.68 and mAP@0.5:0.95
reaching 0.40 on the validation set. Given the inherent
challenges of AQP4 immunofluorescence detection—including
very small, densely clustered targets, weak fluorescence signals,
and substantial background interference—these values are
considered strong and align with or surpass the accuracy
thresholds typically accepted by clinical experts for auxiliary
diagnostic purposes. The confusion matrix on the validation set
further demonstrated reliable classification of the primary target
class (AQP4-positive cells) with accuracy consistently above

92%. For secondary classes encompassing background
fluorescence, impurities, stains, and ambiguous regions,
precision hovered around or above 90%, confirming the model’s
capability to effectively differentiate true positive signals from
non-specific noise and artifacts. This robust positive cell
identification accuracy provides a dependable quantitative
foundation for downstream sample-level interpretation.

3.3 Sample-Level Positive/Negative

Interpretation Rule In standard clinical AQP4
immunofluorescence assays, samples undergo serial dilution to
ensure the fluorescent signal falls within the microscope’s
optimal dynamic range. Consequently, the count and density of
positive cells at a fixed dilution serve as the principal
quantitative criteria for sample classification. Combining the
model’s detection outputs with insights from experienced
clinical readers, a practical two-stage interpretation rule was
established. Initially, all predicted bounding boxes are filtered
by confidence score, retaining only those with confidence ≥ 0.5
as valid positive signals to suppress low-confidence background
interference. The number of retained positive cells (N_pos) per
image is then used for final judgment: samples with N_pos ≥ 10
are classified as typical positive, characterized by abundant and
distinctly membrane-patterned fluorescence with high
diagnostic specificity; samples with N_pos < 3 are classified as
typical negative, consistent with minimal or absent specific
fluorescence; and samples with 3 ≤ N_pos < 10 are designated
as suspicious, indicating potential borderline weak positivity or
prominent non-specific interference, and are automatically
flagged for manual expert review to reduce the risk of
diagnostic error.

3.4 Performance on Independent

Test Sets To evaluate generalization and clinical relevance, two
distinct test sets were constructed. The first, a balanced set with
equal proportions of positive and negative samples, was
designed to assess the model’s peak discriminative ability
without class imbalance effects. On this set, YOLO-SCS
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achieved 99.1% accuracy for positive samples and 100%
accuracy for negative samples, reflecting near-perfect detection
of specific fluorescent patterns and negligible false positives in
non-fluorescent regions. The second test set mirrored real-world
NMOSD screening conditions, with a positive-to-negative ratio
of approximately 1:9. Despite the extreme rarity of positive
cases, the model sustained high performance, attaining a

positive detection rate (sensitivity) of 98.4%—with only rare
misses on extremely weak signals and maintaining 100%
negative specificity (Table 1). These results underscore the
model’s resilience to severe class imbalance and complex
background clutter, positioning it as a reliable tool for
large-scale clinical screening where overlooking rare positives
must be strictly minimized.

Table 1. Classification results

Origin\Predicted positive doubt negative total Accuracy (%)

positive 240 6 4 250 98.4

negative 0 90 2160 2250 100

3.5 Comparison with State-of-the-Art Models

To validate the superiority of YOLO-SCS, it was benchmarked
against several leading object detection models under identical
experimental conditions. The compared methods included the
baseline YOLOv11, the more recent YOLOv12, as well as
task-oriented variants such as FEM-YOLO (feature
enhancement module), MSCAA-YOLO (multi-scale context
aggregation attention), and AKConv-YOLO (adaptive kernel
convolution) (Figure 5d). Evaluation encompassed both
detection-level metrics (mAP@0.5 and mAP@0.5:0.95) and
sample-level positive/negative classification accuracy.
YOLO-SCS outperformed all baselines, achieving mAP@0.5 of
0.6971 and mAP@0.5:0.95 of 0.4256—approximately 10%
higher than vanilla YOLOv11 (Table 2).
These gains are largely attributed to the SPD-Conv module’s

preservation of tiny fluorescent features during downsampling
and the Shape-NWD loss’s improved regression precision in
dense cell areas. At the sample classification level, YOLO-SCS
recorded 98.9% positive accuracy and 100% negative accuracy.
In comparison, FEM-YOLO and MSCAA-YOLO provide
general feature and context improvements but still show higher
miss rates on very weak signals. YOLOv12, while featuring
advanced attention mechanisms, lacks domain-specific
adaptations for AQP4 image characteristics and underperforms
accordingly. AKConv-YOLO offers kernel adaptability but falls
short in addressing small-target feature retention and
dense-overlap regression. Overall, YOLO-SCS achieves a
notable advancement in both precise localization and reliable
clinical decision-making while preserving efficient inference,
making it a promising core component for automated AQP4
immunofluorescence interpretation in NMOSD diagnostics.

Fig 5.Analysis of Recognition Results. (a). Adjustment of convolution kernel function. (b-c) Adjustment of parameters for lr and lf. (d)

Comparison of Model Performances.
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Table 2. Comparative test

Model Recall Precision loss map50 map50-95 Accuracy(P) Accuracy(N)

YOLO-SCS 0.63589 0.69129 0.31871 0.69714 0.42562 98.9% 100%

yolov12 0.58610 0.49393 0.50607 0.52761 0.25104 96.1% 99.2%

FEM-yolo 0.61398 0.50998 0.49002 0.55876 0.24659 90.1% 98.5%

MSCAA-yolo 0.58845 0.50564 0.49436 0.53242 0.22406 95.2% 95.7%

PPA-yolo 0.62521 0.51010 0.48990 0.55582 0.24321 95.0% 98.9%

yolov11 0.62057 0.51939 0.48061 0.56851 0.24830 86.3% 99.6%

AKConv-yolo 0.61201 0.52168 0.47832 0.56358 0.24416 85.9% 99.2%

4 Conclusion

This study focuses on the technical challenges of AQP4
antibody immunofluorescence image detection for NMOSD
diagnosis, such as dense small targets, weak fluorescence
signals and severe background interference, as well as the
subjectivity and inefficiency of manual interpretation. An
improved YOLO-SCS model based on YOLOv11 is proposed,
and a targeted technical scheme covering dataset building,
image preprocessing and model optimization is constructed to
realize automated and accurate detection of positive signals in
such images.
A clinically representative AQP4 immunofluorescence image

dataset including positive, negative and weak positive samples
was constructed, and fine-grained multi-class annotation was
completed under the guidance of clinical experts. Aiming at the
low contrast and high noise of original images, the GPCA
preprocessing algorithm was designed. This algorithm mines the
histogram distribution characteristics of images to effectively
enhance the contrast of weak fluorescence signals and suppress
background noise, laying a solid data foundation for subsequent
model training.
On the basis of YOLOv11, the YOLO-SCS model has two

key improvements. The SPD-Conv module is embedded in the
downsampling layer to achieve lossless resolution reduction and
preserve the fine spatial features of small targets, which solves
the problem of feature loss in traditional downsampling. The
traditional IoU loss is replaced with the Shape-NWD loss
function, which models bounding boxes as two-dimensional
Gaussian distributions to optimize the regression accuracy of
densely overlapping and irregular targets, thus reducing
detection drift and missed detection.
Experimental results on the test set with a clinically realistic

positive-to-negative ratio of 1:9 show that the YOLO-SCS
model achieves a 98.4% positive detection rate and 100%
negative specificity, with mAP@0.5 and mAP@0.5:0.95
reaching 0.6971 and 0.4256 respectively. The model
significantly outperforms the baseline YOLOv11 and other
state-of-the-art improved models, and can accurately distinguish
positive fluorescence signals from background impurities and
non-specific interference, showing high clinical reliability. The

YOLO-SCS model provides an effective technical solution for
the automated interpretation of AQP4 immunofluorescence
images, which is of great clinical value for the early and
accurate diagnosis of NMOSD and is expected to reduce
diagnostic turnaround time and inter-observer variability. Future
research will focus on multi-modal data fusion by combining
clinical text and medical imaging data to improve the model's
diagnostic accuracy and generalization ability. Meanwhile,
model lightweight transformation will be carried out to realize
deployment on portable detection equipment and further expand
its clinical application scenarios.
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