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Abstract: Fluorescence in situ hybridization (FISH) is widely used for diagnosing cancer and genetic disorders due to its high 
specificity and accuracy. However, traditional methods face challenges such as suboptimal focus adjustments, subjective signal 
counting errors, and inefficiencies in imaging, limiting their use in high-throughput screening. To address these issues, we 
introduced the integrated FISH imaging and analysis system (FAST), an innovative solution that combines rapid filter 
switching, automated focusing, multilayer fluorescence signal fusion, and the improved ResNet152 deep learning framework. 
Compared with clinical manual counts and analysis of case reports of 10 patients with chronic lymphocytic leukemia (CLL), the 
FAST achieved an average nuclei segmentation accuracy of 98.28%. For abnormal gene detection, the model achieved an 
accuracy of 97.86%. Additionally, its intuitive interface allows the operator to complete the entire workflow—from scanning to 
report generation—within 45 min. FAST represents a significant advancement in cancer and genetic disorder diagnostics, 
offering a powerful tool for early detection.

Key words: Fluorescence in situ hybridization (FISH); Image enhancement; Nuclei segmentation; Fluorescence feature fusion; 
Abnormal gene classification

1 Introduction 

Cancer remains a leading global health chal‐
lenge, with rising incidence and mortality emphasiz‐
ing the urgent need for effective early detection and 
diagnosis (Siegel et al., 2024). To detect related chro‐
mosomal abnormalities, fluorescence in situ hybrid‐
ization (FISH) has been developed and widely used 
due to its high specificity and sensitivity (Patino, 

2024). Specifically, by using fluorescently labeled 
probes that hybridize with target deoxyribonucleic acid 
(DNA) sequences, FISH enables precise visualization 
of genetic alterations, such as the deletions in 13q14 
(Cui et al., 2024), 11q (Krayem et al., 2024), 13q 
(Knöll et al., 2024), and 17p (Lankford et al., 2024), 
which are critical for cancer diagnosis, prognosis, and 
treatment planning (Siegel et al., 2023; Tao et al., 
2023). However, as a microscopy-based technique, 
FISH inherently depends on imaging systems for sig‐
nal detection and analysis, making its performance 
closely tied to the quality and efficiency of the micros‐
copy technologies used (Li et al., 2024). For example, 
the commonly used wide-field fluorescence microscopy 
provides faster image acquisition by capturing larger 
sample areas simultaneously (Schermelleh et al., 2019). 
However, its susceptibility to artifacts (such as halos, 
low contrast, and uneven staining) can compromise 
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the accuracy of fluorescent signal detection (Lewis et al., 
2021). These imaging limitations hinder the critical 
steps of FISH, such as nuclei segmentation and ab‐
normality identification, thereby increasing the like‐
lihood of diagnostic errors (Scott et al., 2018; Nasir et al., 
2023). Moreover, the manual and expertise-dependent 
nature of traditional FISH workflows increases opera‐
tional complexity, making the process labor-intensive, 
time-consuming, and prone to subjectivity (Syrykh 
et al., 2025). Collectively, these challenges limit the 
scalability and clinical adoption of FISH in high-
throughput and rapid diagnostics (Jonkman et al., 
2020; Zhang et al., 2021), highlighting the urgent 
need for innovative solutions to enhance automation, 
accuracy, and efficiency.

Recent advancements in artificial intelligence 
(AI) offer transformative opportunities to overcome 
the challenges associated with traditional FISH analy‐
sis. By automating image analysis, AI significantly re‐
duces reliance on manual expertise (Plass et al., 2023), 
enhances diagnostic accuracy, and enables high-
throughput and standardized workflows (Perez-Lopez 
et al., 2024). Despite its promise, the application of 
AI in FISH-based genetic diagnostics still faces several 
critical limitations. These include the insufficient ro‐
bustness of existing models when confronted with 
complex genomic backgrounds (Huber et al., 2018; 
Ordoñez et al., 2024), the need for improved accuracy 
and efficiency in multi-target detection, the lack of in‐
tegrated platforms capable of real-time image process‐
ing and analysis, and the limited interpretability and 
clinical usability of current AI systems, which remain 
below the standards required for routine clinical 
adoption.

To address these issues, in this paper, we intro‐
duce an innovative integrated FISH imaging and anal‐
ysis system (FAST), which is designed to improve the 
diagnostic efficiency and reliability of FISH technolo‐
gy under complex imaging conditions. The system in‐
tegrates a motorized fluorescence microscope (BX61, 
Olympus Corporation, Japan) with AI-enabled analyti‐
cal algorithms and a grayscale camera chosen for its 
superior sensitivity and quantum efficiency (Otomo 
et al., 2024). Specifically, three key innovations un‐
derpin the FAST platform: 1) a multilayer focal plane 
imaging strategy, which enables comprehensive acqui‐
sition across different focal depths to ensure complete 
cellular structural information, minimize information 

loss from single-plane imaging, and reduce subjective 
errors associated with manual focusing. 2) An image 
enhancement and fusion module, which uses multi-
scale filtering and illumination compensation to auto‐
matically correct uneven lighting, enhances contrast 
between nuclear regions and background, and sup‐
presses noise and artifacts. This ensures consistently 
high image quality even under low-light or complex 
imaging conditions. 3) An optimized cell nucleus seg‐
mentation algorithm, which combines gradient map‐
ping, convex defect detection, and an improved water‐
shed method to achieve highly accurate and robust 
segmentation, with an average segmentation accuracy 
of 98.28%, outperforming both traditional and deep-
learning-based methods.

The system’s gene abnormality detection results 
show high consistency with expert manual interpreta‐
tion accuracy of 97.86% and demonstrate robust gen‐
eralizability in real clinical validation. Moreover, the 
workflow is fully automated, from sample scanning 
to diagnostic report generation, greatly enhancing ana‐
lytical efficiency and reducing reliance on operator 
expertise. The system features an intuitive and user-
friendly interface designed for diverse user groups 
while maintaining professional oversight for final re‐
port verification. Collectively, the FAST platform en‐
ables scalable and automated genetic analysis across 
diverse cancer types and clinical applications, repre‐
senting a significant advancement in precision oncology 
and genetic diagnostics.

2 Methods 

2.1 Overview of the FAST

Fig. 1 illustrates the overall workflow of the 
FAST (Fig. S1a of the electronic supplementary 
materials (ESM)), which comprises three key steps: 
(I) imaging performance evaluation and acquisition, 
(II) multiplexed and multilayer image processing, and 
(III) AI-driven detection of cellular abnormalities. In 
this study, chronic lymphocytic leukemia (CLL) was 
chosen as the model disease for system validation due 
to its relevance to various cancers and operational sta‐
bility. To highlight the motivation for system develop‐
ment, Fig. 1a summarizes the advantages (Table S1 of 
the ESM) and limitations (Table S2 of the ESM) of 
conventional fluorescence microscopy.
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In Step I, using blood samples collected from 
suspected CLL patients (Table S3 of the ESM), FAST 
specifically targets the prevalent 13q14 deletion in 
this highly genetically heterogeneous cancer (Skerget 
et al., 2024). To identify cytogenetic markers associated 
with CLL, the samples were pretreated with DAPI 
(Xie et al., 2024) for cell interphase nucleus localiza‐
tion. Tricolor XL FISH probes (MetaSystems Probes, 
Germany) targeting retinoblastoma 1 (RB1, green-ch1), 
deleted in lymphocytic leukemia 1 (DLEU1, orange-
ch3), and lysosomal-associated membrane protein 1 

(LAMP1, blue-ch2) were then applied to label the cor‐
responding DNA fragments (Figs. 1b and S1b, as well 
as Table S4 of the ESM). During image acquisition, 
each slide was scanned across 36 distinct fields of 
view, with the system automatically selecting the field 
containing the highest cell density. The tetrachromatic 
optical filters switched automatically to acquire multi‐
layer grayscale images at 11 focal depths (102.2–
106.6 μm), thereby ensuring optimal axial resolu‐
tion and signal clarity (Fig. 1c and Section S1 of the 
ESM).

Fig. 1  FAST workflow for cancer diagnosis: (a) overview of the advantages and disadvantages of conventional fluorescence 
microscopy; (b) FISH probe hybridization targeting specific genetic sequences; (c) image acquisition of hybridized 
samples using a motorized 2D fluorescence microscope with a grayscale camera, capturing multilayer images through 
three-color fluorescence filters; (d) image enhancement and segmentation of 4′,6-diamidino-2-phenylindole (DAPI)- 
stained nuclei to extract clear nuclear contours; (e) fusion and analysis of multilayer fluorescence signals (orange, blue, 
and green) visualized through tricolor FISH channels; (f) comprehensive cytogenetic data integration from all channels, 
enabling accurate identification and classification of chromosomal abnormalities; (g) tailored convolutional neural 
network (CNN) model in the dataset for automated cell abnormality classification; (h) accurate and efficient cancer 
diagnosis with a user-friendly diagnostic report. EOG is the energy orientation gradient
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In Step II, image processing focuses on extract‐
ing nuclear contours and fluorescence probe signals. 
Each sample generates 44 images (four channels mul‐
tiplied by 11 scanned layers, as shown in Fig. S1c of 
the ESM). Among these, the image with the highest 
clarity is selected, and the nuclear contours are seg‐
mented (Fig. 1d and Section S2 of the ESM). In paral‐
lel, fluorescence features from the orange, blue, and 
green channels are processed and fused into the seg‐
mented images (Fig. 1e). Finally, the nuclear con‐
tours and fluorescence information are merged to 
localize and analyze the signals (Fig. 1f).

In Step III, a CNN model is used to detect 
chromosomal abnormality in individual cells for 
CLL diagnosis (Fig. 1g). Synergistically, this auto‐
mated and multiplexed FAST enables novice opera‐
tors to rapidly, accurately, and cost-effectively visu‐
alize and evaluate cytogenetic features (including 
deletions and qualitative assessments). Empowered 
by AI-driven algorithms, FAST achieves precise 
and reliable detection of chromosomal abnormali‐
ties, markedly enhancing diagnostic accuracy. The 
system features an intuitive and user-friendly inter‐
face that streamlines conventional FISH workflows 
by integrating image acquisition, signal processing, 
and result interpretation within a unified platform. 
Through the incorporation of deep learning algo‐
rithms, FAST automates nucleus segmentation, flu‐
orescence signal fusion, and abnormality detection, 
thereby minimizing human error and inter-operator 
variability. The platform also supports batch auto‐
mated processing, which significantly improves an‐
alytical throughput and reproducibility. Ultimately, 
FAST generates a comprehensive diagnostic report 
that undergoes expert manual review for confirma‐
tion and quality assurance (Fig. 1h). By combining 
multiplexed fluorescence imaging with optimized 
microscopy protocols, this platform shows substan‐
tial potential for early cancer detection, prognostic 
evaluation, and clinical management across diverse 
cancer types, including cervical cancer (Zhong et al., 
2023), pancreatic cancer (Zhao et al., 2023), lung 
cancer (Elkrief et al., 2024), liver cancer (Sun et al., 
2023), breast cancer (Hu et al., 2023), and leukemia 
(Teierle et al., 2023). In this study, experimental 
validation was performed using a CLL dataset, and 
all results were manually verified and confirmed by 
certified cytogenetics experts.

2.2 Image enhancement and nucleus segmentation

Image enhancement was conducted using the 
multi-scale Retinex32 algorithm and an image fusion 
model. Each image consists of two components: irra‐
diation and reflection (Sun et al., 2022). The irradiation 
component represents the low-frequency part, while 
the reflection component contains the high-frequency 
details. Based on the EOG algorithm (Choudhary and 
Sethi, 2023), the optimal gradient energy image I(x, y) 
can be obtained as:

I ( xy ) = L ( xy ) ´R ( xy )  (1)

where x and y are the x- and y-coordinates of the 
image pixel, respectively; L(x, y) and R(x, y) are 
the irradiation component and reflection component, 
respectively.

High-frequency details are extracted via multi-
scale Gaussian filtering (Sheng et al., 2025). The glob‐
ally enhanced image is first convolved with Gaussian 
kernels with different standard deviations (G1=1.0, 
G2=2.0, and G3=3.0), generating three blurred images. 
The corresponding contour details are then computed 
as follows:

ì
í
î

L′i =Gi ´ L ( )xy 

Di = L′i - L′i + 1
(2)

where L′i (i=1, 2, 3) is the blurred image at scale i; Gi 
is the Gaussian kernel with standard deviation; Di is the 
high-frequency detail image between adjacent scales.

To prevent oversaturation while preserving im‐
age structure, a fusion model combines multi-scale 
details:

D* = [1 -ω1 ´ sgn ( D1 ) ] ´D1 +ω2 ´D2 +ω3 ´ e ´D3

(3)

where D* is the overall contour information fused 
across scales; ω1, ω2, and ω3 denote the image clarity 
at each scale (computed via the Laplacian operator); 
sgn(D1) is the sign function of D1; e is the empirical 
parameter. An empirical parameter e=0.1 controls the 
retention of original image content, achieving a bal‐
ance between detail enhancement and natural appear‐
ance. This approach effectively enhances FISH and other 
microscopic images, yielding superior visual quality 
through multi-scale detail fusion.
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Gaussian high-pass filtering is applied to the en‐
hanced reflection components R′( x y ) in the frequency 

domain, and the filter is defined as:

R′( xy ) = I ( xy ) +D* (4)

H (uv ) = 1 - e
-

D2( )u v
2 ´D2

0  (5)

where u and v are the frequency coordinates in the hori‐
zontal and vertical directions, respectively; H (uv ) 
is the Gaussian high-pass filter; D(u,v) is the distance 
between the frequency point (u, v) and the center of 
the frequency domain; D0 is the cutoff frequency con‐
trolling the filter bandwidth.

To precisely adjust highlights while maintaining 
balanced exposure and detail, the top 0.1% of bright‐
ness values—representing key highlight regions—are 
selectively processed. This targeted adjustment en‐
hances image quality and preserves essential informa‐
tion without overexposure.

H ′(uv ) =Coe ´H (uv ) + L ( xy )  (6)

where Coe denotes an overexposure control coeffi‐
cient used for gain adjustment to suppress excessive 
highlights.

A Fourier transform is applied to the processed 
image, and the inverse transform is combined with 
the incident component H ′(u  v ). Gain adjustment 
using Coe prevents overexposure, producing the final 
enhanced image (Section S3 of the ESM).

2.3 Nuclear morphology prediction and 
segmentation

The Euclidean distance D ( PQ ) between each 

object pixel P(x1, y1) and its nearest background pixel 
Q(x2, y2) is as follows (Shen et al., 2019):

D ( PQ ) = ( )x1 - x2

2
+ ( )y1 - y2

2
 (7)

where x1 and y1 denote the coordinates of an object 
pixel P; x2 and y2 denote the coordinates of its nearest 
background pixel Q. The set of Euclidean distances 
Ds[D(P, Q)] computed for all object pixels attains 
maximum and minimum values, denoted as Dmax and 
Dmin, respectively.

The spatial distribution of nucleus pixels is 
converted into grayscale values to form the distance 

map G(x, y). The converted grayscale values are cal‐
culated as follows (Sharma et al., 2022):

G ( xy ) = 255 ´
|| D ( )PQ -Dmin

|| Dmax -Dmin

. (8)

Local extrema of G(x, y) are identified, their 
peak coordinates are recorded, and the distances be‐
tween adjacent peak points are computed as follows 
(Jardim et al., 2022):

Dmin (AB)=∑
a = 1

m ∑
b = 1

n

( )xa - xb

2
- ( )ya - yb

2
 (9)

where A and B denote two sets of peak points ex‐
tracted from the enhanced image; Dmin (AB) denotes 
the minimum distance between adjacent peak points 
of two sets A and B; xa and ya (a=1, 2, …, m) denote 
the coordinates of the ath peak point in set A, and 
m is the number of peak points in A; xb and yb (b=1,
2,… , n) denote the coordinates of the bth peak point 
in set B, and n is the number of peak points in B.

The energy field gradient mapping model high‐
lights nuclear boundaries by analyzing pixel intensity 
gradients, enhancing edge contrast, and reducing noise-
induced false detections. It effectively emphasizes re‐
gions with strong intensity variations, reflecting tex‐
ture and morphological irregularities such as protru‐
sions or indentations.

The enhanced image gradients are computed 
using the Sobel operator Eq. (9) to obtain magnitude 
and direction, forming a herpes simplex virus (HSV)-
like representation (Dai et al., 2024). The mapping 
model accentuates nuclear boundaries, enhances re‐
gions with strong intensity variations, and accurately 
defines nuclear contours (Section S4 of the ESM).

For the mapped grayscale image Ibinary(x, y), bina‐
rization was performed using a global threshold T=10, 
determined through preliminary edge analysis and 
Otsu-based calculations. Comparative tests with T=5, 
10, and 15 showed that T=10 most effectively separated 
cell nuclei from the background, minimizing over- 
and under-segmentation. Thus, T=10 was confirmed 
as the optimal threshold for generating the final binary 
image Ibinary(x, y):

Ibinary( xy ) =
ì
í
î

255  if Igray( )xy > T

0       otherwise
(10)
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where Igray(x,y) denotes the grayscale intensity value of 
the mapped image at pixel location (x,y). To suppress 
noise, erosion is first applied to Ibinary, followed by dila‐
tion using a 3×3 structural element K with coordinate 
offset (Δx, Δy):

Ierode = min
( )Dx Dy ÎK

Ibinary( x +Dxy +Dy )  (11)

Idilate = max
( )Dx Dy ÎK

Ibinary( x +Dxy +Dy )  (12)

where Dx and Dy denote the coordinate offsets within 
the structuring element K, such that ( x +Dx y +Dy ) 

corresponds to a neighboring pixel coordinate; Ierode 
and Idilate denote erosion and dilation results, respec‐
tively, forming a morphological opening that removes 
noise and smooths boundaries.

The boundaries of all foreground objects are de‐
tected by comparing each pixel in the binary image 
with its eight-neighbor grayscale values. A parent–
child contour hierarchy is then constructed for subse‐
quent processing. Finally, the contours are simplified 
by retaining only key corner points, so the simplified 
contour set C′ preserves the essential shape and hierar‐
chical structure of the image.

Based on the Teh–Chin chain code contour ap‐
proximation, the least-squares method is employed to 
fit the contour points by minimizing the total fitting 
error ef, defined as the vertical distance between the 
observed point yj and the fitted curve f(xi). The optimi‐
zation process is expressed as:

¶ef

¶ ( )p1 p2

=-2∑
i = 1

n é
ë
êêêê ù

û
úúúúxi

1
[ ]yi - ( )p1 xi + p2 = 0  (13)

where p1 and p2 are the optimal parameters of the fit‐
ting line obtained by solving the fitting equation.

The resulting line is then used to approximate 
the original contour point set, producing a smoothed 
contour set C″  expressed as:

C″= [ xi f ( xi ) ]  i = 1 2   n. (14)

Fusing two contour datasets eliminates redun‐
dant points and smooths noise while preserving the 
hierarchical contour structure. This enhances contour 
detection accuracy and efficiency across images of 
variable complexity.

Cf =C′ÈC″  (15)

where Cf denotes the final fused contour set obtained 
by merging the two contour datasets C′ and C″. Based 
on Cf, convex defects are identified and visualized 
through a two-step screening process, ensuring effi‐
cient and accurate morphological segmentation, espe‐
cially for complex nuclear structures.

Step 1: convex defect detection. Within the 
fused contour dataset Cf, regions deviating from the 
convex hull are identified as convex defects. Signifi‐
cant concave areas are detected by computing the de‐
fect depth, defined as the perpendicular distance be‐
tween the convex hull and the farthest contour point.

Step 2: labeling and filtering defects. Each con‐
vex defect in Cf is evaluated by comparing its defect 
depth with a predefined threshold. Defects exceeding 
this threshold are labeled as significant morphological 
features and visualized (e.g., using circular markers).

If the line intersects the convex hull, the intersec‐
tion point Pi(xi, yi) is obtained, and the distance 

D ( PiPp ) to the corresponding peak point Pp(xp, yp) is 

calculated according to Eq. (16):

D ( PiPp ) =∑
ip

mn

( )xi - xp

2

+ ( )yi - yp

2

 (16)

where xi and yi (i=1, 2, … , m) denote the coordinates 
of the intersection point between the line and the con‐
vex hull; xp and yp (p=1, 2, … , n) denote the coordi‐
nates of the corresponding peak point.

2.4 Multi-layer fluorescence feature fusion

The EOG algorithm is used to calculate the clarity 
Ei of each image layer by evaluating the gradient 
changes in the image.

Ei =
1

M ´N∑
x = 1

M ∑
y = 1

N é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
ú|

|

|
||
|
|
||

|

|
||
|
|
| ¶Ii( )xy

¶x
+

|

|

|
||
|
|
||

|

|
||
|
|
| ¶Ii( )xy

¶y
 (17)

where Ii=(x, y) (i=1, 2, …, L) denotes the pixel inten‐
sity of the ith image layer, and L denotes the total 
number of image layers; M and N denote the width 
and height of the image, respectively; ∂x and ∂y de‐
note the gradients in the horizontal and vertical direc‐
tions, respectively.

The image with the highest Ei is selected as the 
base image Ibase(x, y), and the global threshold T is cal‐
culated to extract significant fluorescence signals.
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T =
1

M ´N∑
x = 1

M ∑
y = 1

N

Ibase( )xy . (18)

Using global threshold T, the fluorescence sig‐
nals are extracted from each image layer to generate 
binary masks Mi(x, y) (i=1, 2, …, n):

Mi( xy ) =
ì
í
î

ïïIbase( )xy  if Ibase( )xy ≥ T

0 otherwise.
(19)

Layer by layer, the extracted signals at the kth 
layer Sk (k=2, 3, …, n) are sequentially overlaid to ob‐
tain the fused image:

Fk =Fk - 2 + Sk - 1 + Sk (20)

where Fk (k=3, 4, … , n) denotes the fused image ob‐
tained after combining the first k extracted signal 
layers.

Through this step-by-step fusion, the signal from 
the 11th layer compensates for the blurred signals 
from the defocused layers, thereby enhancing the pre‐
cision and robustness of segmentation. With the in‐
crease in n, both image clarity and clear signal ratio 
progressively improve until n=9. Beyond this point, 
the improvement reaches a plateau, indicating that 
n=9 provided an optimal balance between signal com‐
pensation and computational efficiency for FISH 
analysis in this study.

2.5 Deep-learning-based cell abnormality detection 
for early diagnosis

The ResNet152 architecture (Malik et al., 2024) 
was selected as the base network owing to its strong 
generalization capability and compatibility with pre-
trained models, making it particularly suitable for ana‐
lyzing the diverse fluorescence patterns and complex 
backgrounds typical of FISH images. This architec‐
ture is especially advantageous in scenarios involving 
data imbalance or limited sample availability. Com‐
pared to lighter architectures, although computational‐
ly more demanding, ResNet152 achieves an optimal 
balance between diagnostic accuracy, robustness, and 
efficiency, making it the most suitable choice for high-
precision FISH-based genetic abnormality detection 
in this study. By stacking multiple 3×3 convolutional 
kernels, the receptive field is progressively expanded 
layer by layer, achieving the same effective coverage 

as the original 7×7 convolutional kernel. This strat‐
egy substantially reduces the number of parame‐
ters while maintaining equivalent feature extraction 
performance.

F (i ) =F (i + 1) + ( Ksize - 1) ´ S (21)

where F(i) denotes the receptive field of the i th layer; 
F(i+1) denotes that of the (i+1)th layer; Ksize is the size 
of the convolutional kernel; S is the step size. The spe‐
cific details are as follows:

Layer 1: the input receptive field parameters are 
F(i+1)=1, Ksize=3, S=1, and F(1)=1+(3−1)×1=3.

Layer 2: the input receptive field parameters are 
F(i+1)=3, Ksize=3, S=1, and F(2)=3+(3−1)×1=5.

Layer 3: the input receptive field parameters are 
F(i+1)=5, Ksize=3, S=1, and F(3)=5+(3−1)×1=7.

The introduction of a multi-branch design replac‐
es the traditional single 7×7 convolutional kernel, en‐
abling each branch to use a 3×3 convolutional kernel. 
This architecture effectively reduces both the compu‐
tational load and the number of parameters. By opti‐
mizing the network structure, the multi-branch design 
preserves the receptive field while simultaneously en‐
hancing computational efficiency and reducing the 
risk of overfitting, resulting in improved model per‐
formance and generalization capability.

For the multi-branch design, where each branch 
uses a 3×3 convolutional kernel, the number Np3 ´ 3 of 
parameters can be calculated using the formula:

Np3 ´ 3 = 3 ´ (C in ´Cout ) ´ 3 ´ 3 (22)

where Cin is the number of input channels; Cout is the 
number of output channels; 3×3 is the size of the con‐
volution kernel.

The parameter reduction rate Rpr for the multi-
branch design is given by the formula:

Rpr = 1 -
Np3 ´ 3

Np7 ´ 7

 (23)

where Np7 ´ 7 is the number of parameters for the multi-
branch design, where each branch uses a 7×7 convolu‐
tional kernel.

Global average pooling (GAP) is used instead of 
the traditional fully connected layer, reducing the 
number of model parameters and preventing potential 
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information loss introduced by the flattening opera‐
tion. GAP computes the global average of each fea‐
ture channel, directly mapping the 2D feature maps to 
corresponding global feature values for each class. 
This design further enhances the computational effi‐
ciency, stability, and generalization capability of the 
model.

In this study, we used an optimized cell nucleus 
segmentation method to extract cell nuclei from multi‐
layer fluorescence feature fusion images. The segmen‐
tation results were reviewed and approved by pathology 
experts, and about 4500 high-quality nucleus images 
were screened as the initial sample set. Based on this 
dataset and incorporating data augmentation strate‐
gies, such as image translation, rotation, mirroring, 
and scaling, a representative and diverse extended da‐
taset comprising 26733 images was constructed. The 
dataset was then divided into a training set (18713 im‐
ages) and a validation set (8020 images) with a 7:3 ratio, 
and the division of homologous images was strictly 
controlled to avoid information leakage.

For data annotation, images were classified ac‐
cording to the characteristics of the fluorescence sig‐
nals. Images containing a single fluorescent spot or 
no detectable fluorescent signal were annotated as ab‐
normal samples (i.e., gene abnormality representation), 
while images showing two fluorescent spots were an‐
notated as normal samples. All annotation results 
were reviewed and verified in multiple rounds to en‐
sure label accuracy and consistency. Based on this da‐
taset, a classification model was trained, and the model 
performance was comprehensively evaluated using 
multi-dimensional indicators, such as the confusion 
matrix, accuracy, sensitivity, and specificity, to verify 
the effectiveness and reliability of the proposed method 
in abnormal gene classification.

Abnormal cells were detected on 10 sets of tri‐
chrome multilayer fluorescence feature-fused images 
according to the cell morphological integrity and ab‐
sence threshold relationship criteria. Through the man‐
ual operation, 200 cells in each image were selected 
for detection with a missing proportion threshold of 
5%, i.e., 10 abnormal cells per 200 total cells. In cases 
where the system detects fewer than 200 cells, it cal‐
culates the threshold for an abnormal cell count by 
multiplying the actual cell count by the specified 
missing proportion threshold. The quantification of 
fluorescent genetic signals within individual cells 

using three monomeric fluorescence probes enables 
the identification and characterization of genetic ab‐
normalities at the cellular level separately, and the 
number of abnormal cells is compared with the abnor‐
mal cell number threshold.

The accuracy Acc, precision Pre, recall Rec, and F1-
score F1s of the cell abnormality analysis results can 
be calculated as follows:

Acc =
PT +NT

PT +NT +NF +PF

 (24)

Pre =
PT

PT +PF

 (25)

Rec =
PT

PT +NF

 (26)

F1s = 2 ´
( )Rc ´Pre

( )Rc +Pre

 (27)

where PT is the true positive; NT is the true negative; 
PF is the false positive; NF is the false negative.

The training dataset was imported into different 
classification models for automated learning and train‐
ing, using default parameters with a weight decay 
value of 0.1 and an initial learning rate of 0.001. The 
model was trained for 20 epochs, and to prevent over‐
fitting, individual neurons in training were selectively 
ignored using a random discard technique after each 
fully connected layer. The classification results were 
output through the classifier. Upon completion of 
training, the final trained model, including its network 
structure and optimized parameters, was retrieved. 
The nine-layer fluorescence fusion images were then 
imported into different classification models as a data‐
set. The models were further fine-tuned and optimized 
using this dataset. Following this, 30% of the images 
were randomly selected as a test set to evaluate the 
model’s predictive performance, yielding prediction 
results.

3 Results 

3.1 Performance evaluation and comparison in 
cell nucleus segmentation

Image enhancement in the FAST begins by se‐
lecting the optimal EOG image from the DAPI chan‐
nel (Section S2, Fig. S2, and Table S5 of the ESM). 
The selected image is then decomposed into low- and 
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high-frequency components (Fig. 2a). Using a multi-
scale difference of Gaussians (DoGs) algorithm (Li 
XJ et al., 2022), the high-frequency details are iso‐
lated to enhance nuclear edges and textural informa‐
tion. The low-frequency is optimized to maximize the 
signal-to-noise ratio (SNR) for minimized noise. In 
addition, local contrast factors are extracted from the 
brightest 0.1% of pixels to enhance low-contrast areas. 
The final enhanced image simultaneously amplifies 
high-frequency structural details while preserving low-
frequency information, effectively resolving issues such 
as blurred edges, uneven brightness, and background 

noise (Fig. S3 of the ESM). Compared with conven‐
tional image enhancement methods, such as contrast-
limited adaptive histogram equalization (CLAHE) 
(Hu et al., 2024), single-scale retinex (SSR) (Li et al., 
2021), and homomorphic filtering (HF) (Ramos-Soto 
et al., 2021), the proposed approach shows superior 
contrast enhancement and noise reduction (Section S4 
and Fig. S4 of the ESM).

To achieve accurate and efficient nucleus seg‐
mentation, an optimized watershed-based algorithm 
was developed (Fig. 2b). This process begins with 
identifying local extrema in the enhanced images as 

Fig. 2  Image enhancement and nucleus segmentation for accurate nuclear contour identification: (a) workflow of the 
image enhancement process, with the tailored multi-scale DoGs algorithm and image fusion model improving edge 
sharpness and contrast while enhancing nuclear contours and details; (b) accurate segmentation of nuclear regions, where 
representative raw images with complex patterns are processed through local maxima identification, gradient mapping 
for feature extraction, convex defect analysis for edge detection, and iterative refinement of seed points; (c) performance 
comparison of nucleus counting accuracy across different segmentation methods; (d) comparative analysis of clustered nucleus 
segmentation results by our method and other established methods, with orange arrows highlighting segmentation 
performance on clustered nuclei; (e) comprehensive performance comparison between FAST and LabelMe across key 
metrics, including automation, accuracy, recall, time efficiency, processing speed, etc. Scale bars: 10 μm in (a) and (b); 
5 μm in (d). MW, MS, and U-Net denote marker-based watershed, morphological segmentation, and a commonly used U-
Net-based semantic segmentation deep learning method, respectively. LabelMe refers to a commercial manual image 
annotation tool used as a baseline
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seed points, which are refined using Sobel gradients 
(Wang et al., 2024) and flow field information. The 
images are then transformed into the HSV color space 
(Chyad et al., 2025) to improve edge visibility and re‐
duce misidentification (Fig. S5 and Section S5 of the 
ESM). Further refinement involves a two-pass convex 
hull detection to address over- and under-segmentation. 
Moreover, iterative adjustments to watershed mark pa‐
rameters based on peak distances ensure accurate 
delineation of individual nucleus, even when there 
are overlapping and complex backgrounds (Fig. S6 of 
the ESM). Comparative analysis with traditional meth‐
ods like MW (Abrol et al., 2023), MS (Vincent and 
Dougherty, 1994), and U-Net (Punn and Agarwal, 2022) 
shows that our proposed approach achieves superior 
segmentation performance (Fig. S7 of the ESM). With 
an average segmentation accuracy of 98.28% and a 
missing rate (i.e., the ratio of undetected nuclei to 
total nuclei) below 2%, the FAST outperformed other 
traditional methods (accuracy range: 54.8%–82.7%) 
in counting nuclei (Fig. 2c and Section S6 of the 
ESM). In scenarios involving tightly packed nuclei, 
our proposed approach produced clear segmentation 
results, avoiding over-segmentation and nucleus omis‐
sion commonly observed in other approaches (Fig. 2d 
and Section S7 of the ESM).

FAST also exhibits significant advantages in 
scalability and efficiency compared with commercial 
solutions like LabelMe. Although both FAST and La‐
belMe achieved comparable accuracy (0.97 vs. 0.99) 
and recall (0.81 vs. 0.83), FAST showed superior time 
efficiency and required fewer computational resources 
(Fig. 2e and Section S8 of the ESM). Moreover, in 
contrast to traditional deep learning methods like 
U-Net (Soltanian-Zadeh et al., 2019; Minaee et al., 
2022), FAST’s lightweight design reduces dependency 
on large-scale datasets and high-performance hard‐
ware, enabling rapid processing of extensive imaging 
datasets. This advantage is particularly beneficial for 
complex nucleus recognition tasks, where FAST effi‐
ciently completes the entire workflow from image pre‐
processing to segmentation.

3.2 Evaluation of multilayer fluorescence feature 
fusion indicators

In this study, CLL detection focused on key gene 
regions on chromosome 13 (RB1, DLEU1, and LAMP1) 
(Durak Aras et al., 2021). To visualize genetic 

abnormalities, FISH probes labeled with green, or‐
ange, and blue fluorescence targeted distinct chromo‐
somal regions, enabling direct microscopic observa‐
tion (Fig. 3a and Fig. S8 of the ESM). To enhance de‐
tection accuracy, a multilayer fluorescence feature fu‐
sion strategy was applied to improve fluorescence 
characteristics within the nuclei (Caicedo et al., 2017). 
For each fluorescence signal, 11 layers with increas‐
ing focal distances were captured and ranked accord‐
ing to their Ei (Fig. 3b). The layer with the highest Ei 
was selected as the base layer, and fluorescence fea‐
tures from the top n layers (n=1, 3, 5, 7, 9, and 11) 
were progressively fused into this base, resulting in a 
pseudo-colored composite image (Fig. 3c and Fig. S9 
of the ESM). This multilayer fusion process enhances 
fluorescence signals and addresses common issues 
such as information loss and blurriness (Fig. 3d and 
Fig. S10 of the ESM) (Xu et al., 2023).

To assess image quality, the average accumulated 
Ei for each signal and the ratio of clear signals were 
calculated (Section S9 of the ESM). Results show that 
image quality plateaued after n=9 (Figs. 3e and 3f), 
indicating that n=9 provided an optimal balance be‐
tween signal enhancement and processing cost for 
FISH analysis in this study (Fig. S10 of the ESM). In 
the fused microscopy images, the fluorescent patterns 
convey diagnostic information, enabling the distinc‐
tion of aberrant cells (Fig. 3g). As shown in Fig. 3h, 
normal cells exhibit two green (2G), two orange (2O), 
and two blue (2B) signals, whereas aberrant cells 
show reduced signal patterns, such as 1O, 1G, or 1B. 
In CLL (Zhang et al., 2024), more than 50% of pa‐
tients had deletions in the 13q14 region (Saeed et al., 
2024).

To statistically determine the optimal fusion depth 
for tricolor FISH image analysis, six fusion layers (n=
1, 3, 5, 7, 9, and 11) were compared using two quanti‐
tative indicators: average accumulated Ei (signal inten‐
sity) and clear signal count (signal quality). Ten inde‐
pendent samples were analyzed under identical imag‐
ing conditions, and the results were assessed by 95% 
confidence interval (CI) and one-way analysis of vari‐
ance (ANOVA) with Tukey’s honestly significant dif‐
ference (HSD) post-hoc tests (significance level α=
0.05). Both metrics stabilized as the fusion depth in‐
creased. The average accumulated Ei increased from 
8.23 (n=1) to 18.51 (n=9) with narrowing CI, while 
n=11 showed no further improvement (18.48, CI=
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16.42%–20.54%), indicating signal saturation. Mean‐
while, the clear signal count decreased from 25.67 (n=
1) to 5.60 (n=9) as noise was suppressed, but slightly 
dropped at n=11, suggesting minor signal loss. ANOVA 
confirmed a significant effect of fusion depth on both 
metrics (Ei: F=21.87 and p<0.001; clear signal count: 
F=18.42 and p<0.001, where F statistic is the ratio of 
the between-group variance to the within-group vari‐
ance, and it is used to test whether there are signifi‐
cant differences among multiple group means). Post-
hoc tests showed that low-depth fusions (n≤3) dif‐
fered markedly from higher-depth ones (p<0.001), 
while n=9 and n=11 did not differ in Ei (p=0.982) but 
differed in signal count (p=0.043). Overall, n=9 was 

the optimal number of image layers, focal depths, or 
segmentation model hyperparameters across different 
processing stages. Repeated experimental validation 
confirmed that n=9 provides the most effective trade-
off among accuracy, detection capability, and compu‐
tational efficiency, particularly under diverse and noise-
prone imaging conditions.

This method allows accurate detection of chro‐
mosomal abnormalities in CLL, providing a crucial 
foundation for clinical prognosis evaluation. Using the 
proposed multilayer fluorescence feature fusion ap‐
proach, an in-depth assessment of chromosomal ab‐
normalities was performed. The average accumulated 
Ei and chromosomal abnormality ratio (Ral) for each 

Fig. 3  Multilayer fluorescence feature fusion for chromosomal abnormality screening: (a) FISH images from different 
channels with specific fluorescent signals; (b) ranking of fluorescence images based on the EOG for signal clarity; 
(c) automated filtering and multilayer fusion of tricolor fluorescence images; (d) comparison of fluorescence signal 
restoration through n-layer fluorescence feature fusion (n=1, 3, 5, 7, 9, and 11), showing a progressive enhancement 
of fluorescence signals with increasing n; (e) and (f) average accumulated Ei and clear signal ratio across n-layer 
feature fusion (n=1, 3, 5, 7, 9, and 11); (g) workflow of FISH technology for detecting chromosomal abnormalities 
in CLL; (h) FISH patterns showing gene deletions in the 13q14 region in CLL patients. Scale bars: 10 μm in (d) and 
5 μm in (h)
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signal were analyzed. As the number of fused layers in‐
creased from 1 to 11, the abnormality ratios stabilized, 
reflecting a gradual enhancement of fluorescence sig‐
nals (Table S6 of the ESM). To classify cell abnor‐
malities and diagnose cancer, a 5% threshold across 
the three FISH channels was set (Table S7 of the 
ESM). Specifically, samples were considered nega‐
tive if Ral values in all channels were below this 
threshold, and positive otherwise. By applying the 
multilayer fluorescence feature fusion method, chro‐
mosomal abnormalities in 10 independent samples 
with different n values were further evaluated based 
on average accumulated Ei measurements (Fig. 4 and 
Figs. S11–S14 of the ESM). The results show that ab‐
normality classification accuracy improved consistently 
as n increased, which further strengthened the reliabil‐
ity of FISH analysis. These findings indicate that the 
proposed method effectively reduces issues, such as 
halo, blurring, and signal loss, providing a more accu‐
rate representation of fluorescence intensity within 
the nuclei.

3.3 Abnormal gene screening and application 
based on deep learning

Building upon the multilayer fluorescence fea‐
ture detection results, a deep learning model based on 
the ResNet152 backbone was developed to enable au‐
tomated cell abnormality detection and facilitate early 
cancer diagnosis (Fig. 5a). In this model, the CNN 
leverages the robust feature-extraction capability of 
ResNet152 and is trained using uniformly resized 
input images (224×224 pixels) with a segmented 
learning-rate decay strategy (initial rate=0.001). To 
determine the optimal fusion level, datasets with n-
layer fusion (n=1, 3, 5, 7, and 9) were evaluated. 
Among these, the nine-layer fusion dataset showed the 
fastest convergence and highest predictive accuracy, 
striking a balance between information density and 
task complexity (Fig. 5b). Consequently, the nine-layer 
fusion dataset was selected for chromosomal and cel‐
lular abnormality classification, achieving high accu‐
racy in detecting abnormalities at both levels (Fig. 5c, 
Fig. S15, and Tables S8–S11 of the ESM). To enhance 

Fig. 4  Evaluation of the specificity of tricolor fluorescence signals against the increase of n: average accumulated Ei and 
chromosomal abnormality ratio across (a)–(j) sample 1 to sample 10. Areas in the Ral plots and shaded cells denote 
manual classification of chromosomal abnormality and corresponding cell abnormality, respectively, with orange denoting 
abnormality and blue denoting normality
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usability and interpretability, the system overlays chro‐
mosomal pattern masks onto segmented nucleus bound‐
aries, with orange and blue indicating positive and 
negative cases, respectively (Fig. S16 of the ESM). 
The precision rate generally remains between 0.95 and 
1.00, indicating that the model has a low false-positive 
rate and strong classification ability. It showed signifi‐
cant accuracy and robustness in detecting cell abnor‐
malities and CLL-positive diagnoses across diverse 
patient datasets, providing a robust solution to mitigate 
errors associated with manual detection. The model 
robustness was further validated through benchmark‐
ing against eight state-of-the-art deep learning algo‐
rithms using identical training and validation datasets: 
AlexNet (Battleday et al., 2020), VGG16 (Li et al., 
2020), VGG19 (Le Goallec et al., 2022), ResNet50 
(Zheng et al., 2022), ResNet101 (Ismael and Şengür, 
2021), DenseNet121 (Singh et al., 2025), DenseNet169 
(Biancalani et al., 2021), and InceptionV4 (Li FD 
et al., 2022). Our ResNet152-based model, i.e., FAST, 
achieved the highest cancer-detection accuracy of 

97.86% (Fig. S17 of the ESM), outperforming all 
benchmarked methods and demonstrating strong clini‐
cal diagnostic potential. It also surpassed commercial 
AI-based systems across multiple metrics, including 
the accuracy, precision, recall, and F1-score (Fig. 5d). 
Unlike end-to-end commercial solutions, first, a re‐
fined segmentation algorithm is employed to delineate 
nucleus boundaries, effectively addressing challenges 
such as indistinct contours and overlapping nuclei. 
Second, a classification algorithm is applied to detect 
chromosomal abnormalities within the segmented re‐
gions. This dual approach minimizes false positives 
and improves sensitivity, ensuring robust performance 
across complex datasets.

To efficiently identify and visualize cell abnor‐
malities, the system locates the nuclei with assigned 
chromosomal patterns and superimposes corresponding 
nucleus masks over the nucleus boundaries (Fig. 6a 
and Tables S8–S10 of the ESM). To further reduce 
the time and cost required for personnel training and 
operation, these functionalities are fully integrated 

Fig. 5  Deep-learning-based cell abnormality detection and cancer diagnosis: (a) CNN ResNet152 network architecture 
for automated cell abnormality classification; (b) learning curves of the ResNet152 network trained on datasets with 
different fusion depths; (c) confusion matrix comparing ResNet152-based predictions with manual screening across 10 
samples; (d) performance comparison between our method and eight representative deep learning models. Conv. is the 
abbreviation of convolution; ACC, PREC, REC, and F1 denote accuracy, precision, recall, and F1-score, respectively. 
Scale bars: 50 μm in (a)
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into a comprehensive multiplexed FAST designed for 
early cancer diagnosis (Fig. 6b and Section S10 of the 
ESM). The platform features a user-friendly graphical 
user interface (GUI) that simplifies operation by sup‐
porting real-time monitoring of image acquisition and 
processing, adjustable imaging parameters, and flexi‐
ble program execution. This enables users to automate 
key tasks, including image acquisition, nucleus and 
fluorescence signal processing, AI-driven abnormality 
analysis, and diagnostic report generation (Table S11 
of the ESM). Further, the system supports both auto‐
mated and manual segmentation adjustments to meet 
diverse analytical requirements. The entire workflow, 
from image acquisition to report generation, can be 
completed within 45 min (Table S12 of the ESM) on a 
common computer. By integrating cost-effective mi‐
croscopy, targeted fluorescent probes, and optimized 
FISH protocols, the FAST platform provides a reliable, 
rapid, and cost-effective solution for cellular abnor‐
mality detection, advancing early cancer diagnostics.

4 Conclusions 

In this paper, we have introduced an automated 
and multiplexed FAST tailored for diagnosing CLL. 
The system comprises four core functionalities: auto‐
mated image acquisition, image enhancement and nu‐
cleus segmentation, multilayer fluorescence feature 
fusion, and AI-driven chromosomal and cell nucleus 
abnormality detection. During image acquisition, 
FAST automatically selects the clearest image layers, 
effectively minimizing imaging artifacts. Nuclei con‐
tours are refined through imaging enhancement and 
segmentation, while multilayer fluorescence feature 
fusion enhances the cytogenetic information neces‐
sary for detecting cell abnormalities. Our segmenta‐
tion and abnormality detection models outperform tra‐
ditional methods, even in challenging regions with 
overlapping or densely packed nuclei. In terms of effi‐
ciency, FAST achieves accuracy and data richness 
comparable to commercial software while requiring 

Fig. 6  Abnormality analysis results and system GUI: (a) classification precision of chromosomal abnormality involving 
tricolor fluorescence probes using the ResNet152 CNN network; (b) visualization of GUI and diagnostic report of the 
integrated FISH imaging and analysis system, tailored for non-experts and facilitating early cancer diagnosis and 
prognostic evaluation. Insets in (a) show microscopic sample images with color masks, where orange and blue indicate 
abnormality and normality, respectively. Scale bars: 50 μm in (a) and (b)
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fewer computational resources and smaller sample 
sizes. The entire process, from image capture to analy‐
sis, can be completed within 45 min, significantly im‐
proving the speed, accuracy, and reliability of genetic 
analysis.

A standout feature of the FAST platform lies in 
its ability to identify abnormalities in densely packed 
nuclei, overcoming challenges commonly encoun‐
tered by commercial methods. The seamless integra‐
tion of automated segmentation and fluorescence fea‐
ture fusion enables the precise detection of chromo‐
somal and cellular abnormalities, which is critical for 
early cancer detection. Its GUI further enhances ac‐
cessibility for non-expert users, facilitating intuitive 
image processing, analysis, and interpretation. Collec‐
tively, FAST provides a transformative and scalable 
solution for early cancer detection and personalized 
healthcare. We plan to further refine the deep learning 
models and extend the platform’s capabilities to ac‐
commodate larger and more complex datasets, there‐
by broadening its applicability to other diseases and 
biological scales, ranging from single cells to tissues 
(Ueda et al., 2020). Ultimately, the FAST aims to 
support personalized treatment strategies, enhance 
prognostic evaluations, and improve patient out‐
comes through fast, accurate, and automated genetic 
analysis.

Despite leveraging deep learning techniques for 
accurate detection, several limitations remain in the 
current study:

1) Model interpretability: although the ResNet152-
based model exhibits excellent diagnostic accuracy, 
its interpretability remains limited. Clinicians may re‐
quire clearer visualization and explanation of how the 
model arrives at diagnostic conclusions, which is es‐
sential for building trust and integrating AI tools into 
clinical workflows.

2) Multi-target detection and complex genomic 
contexts: the current implementation focuses mainly 
on the 13q14 deletion associated with CLL. Expand‐
ing the system to accurately detect multiple genetic 
abnormalities simultaneously remains a challenge, 
particularly in complex genomic contexts, where over‐
lapping signals or structural variants may interfere with 
probe interpretation.

3) Dataset diversity and scale: the model was 
validated on 100 clinical CLL cases. Although re‐
sults were consistent with expert interpretations, larger 
and more diverse datasets covering different cancer 

types, imaging modalities, and staining conditions are 
necessary to further improve model robustness and 
generalizability.

4) Hardware and imaging constraints: while 
FAST is designed to operate with standard wide-field 
fluorescence microscopy, imaging performance may 
vary with hardware configurations, optical alignment, 
or sample preparation quality, which could affect re‐
producibility across institutions.

Building on these findings, our future efforts will 
focus on several key directions:

I) Enhancing model explainability: integrating at‐
tention heatmaps, gradient-weighted class activation 
mapping (Grad-CAM), or shapley additive explana‐
tion (SHAP)-based visualization to provide inter‐
pretable diagnostic reasoning and strengthen clinician 
confidence.

II) Extending multi-target and multi-cancer de‐
tection: developing adaptive probe designs and multi-
class classification frameworks to enable simultane‐
ous detection of multiple chromosomal abnormalities 
across diverse cancer types such as breast, cervical, 
and pancreatic cancers.

III) Scaling clinical validation: expanding clin‐
ical trials with large multi-center datasets to validate 
system reliability under diverse imaging and genetic 
conditions, ensuring the system’s translational appli‐
cability in real-world hospital environments.

IV) Optimizing real-time processing: incorporat‐
ing GPU-accelerated inference and cloud-based com‐
putation to achieve near real-time diagnostic feedback, 
enhancing throughput and integration with digital pa‐
thology systems.

V) Integrating multi-modal data: combining 
FISH imaging data with next-generation sequencing and 
histopathological features to build a hybrid diagnostic 
model that supports comprehensive precision oncology.
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