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UCRD-Net: End-to-End Chromosome Segmentation Based on
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Abstract: Chromosome segmentation is the basis of karyotype analysis, and the performance of
segmentation directly affects the subsequent classification and identification. However,
chromosomes are free in cells, presenting as non-rigid and highly susceptible to overlapping
adhesions, which leads to the problems of inaccurate instance detection and incomplete segmented
masks in chromosome instance segmentation. In this context, we develop an end-to-end chromosome
instance segmentation network, named UCRD-Net, using uncertainty correction and region
decomposition to detect and segment more accurately. In this model, the output uncertainty of the
uncertainty branch is designed to correct the original classification confidence by Gaussian modeling
the detection box of the chromosome instance to improve the positioning accuracy of the detection
box. A strategy of decomposing Region of Interest (RoI) is proposed to weaken the semantic
ambiguity of overlapping chromosomes in RoI and strengthen the characteristic response of
chromosomes to be segmented. Based on the above ideas, this study has completed the end-to-end
architecture design. Experiments on clinical datasets show that the average segmentation accuracy of
UCRD-Net is 4.1% higher than that of the baseline model Mask R-CNN, AP50 is 0.4% higher, and
AP75 is 1.0% higher. The improved accuracy and completeness of segmentation provided by
UCRD-Net can offer reliable support for downstream karyotype analysis and facilitate the early
detection of chromosomal abnormalities in clinical diagnostic workflows.
Keywords: chromosome segmentation; instance segmentation; uncertainty; region decomposition

1.Introduction

Normal human cells contain 22 pairs of autosomes and
one pair of sex chromosomes (XY for males and XX for
females) [1]. Chromosome number abnormalities or structural
aberrations can lead to genetic diseases such as mental
retardation and congenital malformations [2,3], making
prevention crucial through prenatal screening and prenatal
diagnosis. At present, prevention is mainly carried out by
prenatal screening and prenatal diagnosis [4]. The current gold
standard for prenatal diagnosis is karyotyping [5], which
involves imaging chromosomal ribbons during mid-division

in amniotic fluid cell samples, followed by segmenting and
sorting to identify abnormalities [6]. However, the free and
flexible nature of chromosomes within cells [7], as well as the
occurrence of multiple overlapping crosses and varying
morphologies, makes karyotype analysis heavily reliant on
professionals. It is expensive, inefficient, and highly
dependent on experience. Consequently, there is an urgent
need for efficient and accurate intelligent aids [8].
Chromosome segmentation, as the primary task in karyotype
analysis, serves as the foundation for subsequent classification
and identification, with a particular focus on addressing the
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segmentation of overlapping chromosomes [9].

Traditional overlapping chromosome segmentation is
mainly based on geometric morphology. For example, Grisan
et al. first segmented overlapping chromosome clusters using
a local adaptive method, then combined it with geometric
feature untangling to segment overlapping chromosomes [10].
Minaee et al. achieved chromosome segmentation by
identifying chromosome boundary crossing points to extract
cut lines [11]. Karvelis et al. adopted a recursive approach
based on the watershed transform to decompose chromosome
regions and then segmented single chromosomes by merging
adjacent regions through a multi-channel gradient path [12].
These traditional methods are difficult to cope with the
complex and variable chromosome overlap cases, have
insufficient generalization ability and low accuracy, and are
difficult to implement automatic segmentation. These
conventional techniques encounter challenges in handling
complex and variable chromosome overlap scenarios,
exhibiting limited generalization capabilities and accuracy,
which makes it difficult to implement automation in the
segmentation process. These traditional geometry-based
methods lack robustness when handling complex overlap
patterns and often fail in ambiguous regions due to rigid
assumptions.

With the rapid development of deep learning in recent
years, automatic chromosome segmentation models based on
convolutional neural networks have emerged [13-17]. These
models have demonstrated significant improvements when
compared to traditional algorithms. To employ deep learning
algorithms for training chromosome images, an initial
exploration of chromosome labeling data is essential. For
example, Hu et al. used individually segmented chromosomes
from metaphase images to synthesize overlapping
chromosome images by rotating and superimposing them
two-by-two. They constructed a neural network based on
UNet to segment two overlapping chromosomes, which
notably improved accuracy and speed in contrast to traditional
segmentation methods [18]. Wang et al. developed ARMS Net
to address the characteristics of chromosome overlapping
regions with varying sizes, and adaptively extracted
multi-scale features to enhance the detailed segmentation of
chromosome overlapping regions [19]. However, both
methods were designed for synthetic datasets containing
two-by-two overlapping chromosomes, and their labels are

not tailored to real chromosome data, leading to difficulties in
applying their algorithms.

To improve segmentation accuracy, some researchers
have proposed the correction of detection boxes during the
detection stage before segmentation. For example, Wang et al.
introduced rotated bounding boxes in the detection phase to
accommodate the flexible bending characteristics of
chromosomes. They developed an enhanced rotated Mask
R-CNN chromosome segmentation model to improve the
accuracy of object detection. However, labeling for rotated
boxes is intricate and challenging to implement [20]. Liu et al.
introduced regression confidence and mask confidence to
concurrently correct the classification confidence, addressing
the problem of low correlation between classification
confidence and object localization accuracy in instance
segmentation. Nevertheless, this confidence metric does not
incorporate detection box coordinate information and thus
cannot reflect the accuracy of localization [21]. To address
inaccurate segmentation resulting from overlapping
chromosomes, Xu et al. developed a two-stage model called
ChromSeg, specifically designed for segmenting individual
chromosomes within chromosome clusters. In the first stage,
they expanded UNet++ into a dual-output framework,
distinguishing between foreground-background and
overlapping regions. In the second stage, the integration of
foreground and overlapping regions was achieved through
joint search, resulting in high computational complexity [22].
On the other hand, Lin et al. constructed AS-PANet according
to the characteristics of overlapping chromosomes. They
introduced a chromosome counting branch to improve the
accuracy of instance segmentation, but their approach is
primarily suited for chromosome clusters and is insufficient
for the analysis of metaphase chromosome images [23].
However, these deep learning models struggle with the precise
localization of overlapping regions and mask integrity, as they
typically rely only on classification confidence and lack
explicit modeling of uncertainty or semantic interference.

In summary, the overlapping chromosome segmentation
network has the following challenges: (1) The privacy
concerns and intricacies associated with labeling chromosome
images result in a scarcity of labeled data. This scarcity
significantly increases the difficulty of applying deep learning
methods to this task. (2) The classification confidence does
not always reflect the accuracy of localized position
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prediction. Overlapping chromosomes result in the acquisition
of imprecise detection boxes, subsequently leading to missing
segmentation masks. (3) The similar appearance
characteristics of different chromosomes contribute to
semantic ambiguity, making it challenging to correctly
segment overlapping chromosomes, as shown in Figure 1.

Figure 1. Chromosome overlap causes incorrect segmentation
masks.

In order to address the aforementioned problems, we
propose an end-to-end chromosome segmentation network
called UCRD-Net. Our approach involves several key steps:
Firstly, we enhance the effectiveness of capturing the
structural characteristics of chromosomes by exploring
suitable feature extraction strategies. Then, we model the
uncertainty estimate for the detection box as a Gaussian
process in our algorithm to correct its position. Finally, we
design a region decomposition strategy in each Region of
Interest (RoI) generated by detectors to mitigate semantic
ambiguity caused by overlapping chromosomes.

The main contributions of this paper are as follows:
(1) To overcome the challenge of limited chromosome

data, we have devised tailored feature extraction strategies
that leverage the unique characteristics of chromosomes,
which are different from natural images. These strategies
encompass pre-training, fine-tuning, and the selection of
feature maps and anchors of appropriate sizes to enhance the
quality of features.

(2) To correct detection boxes and subsequently improve
segmentation performance, we innovatively introduce an
uncertainty branch. This branch is designed to incorporate
reliability information from the detection box into the
classification confidence, thereby rectifying the position of the
chromosome detection box and generating a more
comprehensive mask.

(3) To effectively address the problem of semantic
ambiguity caused by overlapping chromosomes, we propose a
region decomposition strategy. This strategy dynamically
combines the features from different region locations after
decomposition to enhance the semantic response of the

chromosome targeted for segmentation.
This paper is organized as follows. Section 2 introduces

the proposed methods, including the outline of UCRD-Net
and details of each module. Section 3 evaluates UCRD-Net
comprehensively and compares it with other methods. Section
4 presents our conclusion.

2. Methods

UCRD-Net is implemented through three modules:
chromosome feature extraction, uncertainty-based correction
of chromosome detection boxes, and chromosome
segmentation based on region decomposition, as shown in
Figure 2.

Figure 2. Overview of the proposed UCRD-Net framework.
The figure highlights the internal structure of the main
processing pipeline and key modules, such as the region
decomposition and adaptive fusion.

The chromosome feature extraction module initially
undergoes fine-tuning using the public G-band
chromosome classification dataset [24] to complete the
pre-training of the ResNet101 [25] backbone network. The
module responsible for correcting chromosome detection
boxes based on uncertainty incorporates dual branch heads.
Within this module, the dual branch head enhances
localization awareness, the uncertainty branch outputs
uncertainty values, which are utilized to correct detection
boxes with notable positioning errors. This correction
process helps reduce instances of missing segmentation
masks resulting from inaccuracies in the detection boxes.
The region decomposition module initiates by breaking
down the RoI into four directional location regions.
Subsequently, features are extracted from these four
location directions using RoI Align [26]. These directional
features are then adaptively fused with the full RoI features
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to amplify the semantic response of different chromosomes.
This approach effectively mitigates semantic ambiguity
within the RoI caused by the presence of other
chromosomes and enhances reasoning through multiple
directions.
2.1 Chromosomal Feature Extraction

Chromosome banding images offer limited data, while
deep learning models typically demand a substantial
amount of training data. To maximize feature extraction
potential from the available data, the ResNet101 backbone
network, commonly used in conjunction with Mask
R-CNN [26], is employed for extracting low-level
structural features from images. This is accomplished by
loading a pre-trained model from ImageNet [27]. Previous
methods have traditionally undergone pre-training on
ImageNet, but a significant semantic gap exists between
natural images and biomedical images, such as
chromosomes, which possess distinct semantic
characteristics. Consequently, our approach involves
fine-tuning the ResNet101 backbone network using the
publicly available G-band chromosome classification
dataset. Subsequently, we merge these features using
Feature Pyramid Networks (FPN) [28], as illustrated in
Figure 2.

The proper configuration of anchors in the object
detection task plays a crucial role in accurately locating
instances. An anchor that is too small may result in a large
regression offset for the detection box, potentially leading
to overfitting. Conversely, an anchor that is too large may
yield a low Intersection over Union (IoU) ratio with the
ground-truth, increasing the probability of missed
detections. To address this, UCRD-Net improves the
extraction of chromosome features by quantifying the pixel
occupancy of each chromosome, aiding in the setup of
anchors. We calculate the pixel points associated with
chromosomes and create a distribution map of their counts,
as shown in Figure 3.

Figure 3. Histogram of chromosome area statistics

We can observe that the size of an individual
chromosome typically falls within the range of [0, 5000],
which is consistent with the fact that chromosomes are
considered small targets in images of dimensions like
1600×1200 pixels. The default configuration of Mask R-CNN
is set to output all feature layers of the FPN, including P2-6,
which may not be ideal for small target chromosomes. Small
targets do not necessitate the generation of overly large
anchors on the high-level feature map. The anchors generated
by the low-level feature tensor map sufficiently cover all
chromosome targets. Therefore, we choose to utilize the P2
and P3 layers as the output layers. These outputs are fed into
the feature extraction network, which incorporates a larger
number of anchors in the lower layers. This approach
effectively combines semantic and detailed information,
thereby improving object detection. Further calculation details
on this configuration are provided in Section 3.3.
2.2 Uncertainty-Based Correction of Chromosome Detection
Boxes

In this part, we improve the fully-connected structure of
the detected branch to enhance the regression localization
ability of the network. Gaussian modeling is employed to
derive uncertainty, which is then used to correct the position
of the detection boxes, thereby enhancing the final
segmentation performance.

Mask R-CNN locates the detection box by a regression
branch and identifies the category of the detection object by a
classification branch, both of which usually use a
fully-connected structure and share parameters. In contrast,
convolutional layers are better suited for regression location.



JAICS, 2025 7
However, there is a lack of coordination between the
classification and localization tasks. Paper [29] has been
observed that a fully connected structure is more adept at
distinguishing complete and partial objects, as it employs
different parameters for various parts of a detection frame,
making it spatially sensitive and better suited for
distinguishing between complete and partial targets.
Conversely, the convolutional layer, with its weight-sharing
property, excels in regressing the entire object. Experiments
have shown that achieving better performance can be realized
by using the fully connected header for classification and the
convolutional head for bounding box regression, as opposed
to solely relying on the fully connected header. Therefore, we
have configured two convolutional layers in the regression
branch and two fully-connected layers in the classification
branch, as shown in Figure 2. Besides, the detection boxes of
overlapping chromosomes usually overlap, and if the
regression and classification branches are completely
independent, the detection boxes with inaccurate localization
in the non-maximum suppression (NMS) stage may be
retained incorrectly. As shown in Figure 4, detection box A
and detection box B are associated with different chromosome
individuals, the confidence level of box A surpasses that of
box B. Simultaneously, the IoU values of both boxes exceed
the NMS threshold, which triggers the suppression of box B
by the NMS algorithm, consequently resulting in the loss of
chromosome instances.

(a) (b)
Figure 4: NMS for overlapping and intersecting
chromosomes. (a) The localization status before NMS; (b) The
localization status after NMS.

Thus, the overlapping prediction boxes are very likely to
be suppressed as redundant boxes, resulting in missed
detection. Considering that the predicted values of the same
group of candidate boxes approximately obey Gaussian
distribution [30], the uncertainty can be estimated by the

standard deviation of the corresponding distribution.
Therefore, we establish a Gaussian distribution model in the
regression branch to predict the uncertainty of each detection
box and then correct the localization of overlapping
chromosome detection boxes. Specifically, suppose there are
K ground-truth boxes, the k-th ground-truth box corresponds
to Mk proposals, and the coordinates of the k-th ground-truth
box are denoted as ( , , , )k k k kx y w h , where the coordinates of
the mk-th proposal box are denoted as ( , , , )k k k kmm m mx y w h .
As is known, the regression branch does not directly output
the coordinate values, but it outputs the regression loss
parameters [ , , , ]

k k k k km m m m md dx dy dw dh     of the prediction
box for the mk-th proposal box. The coordinates of the
regressed prediction box are denoted as ( , , , )

k k k km m m mx y w h    .
The regression parameters of the mk-th proposal box
corresponding to the ground-truth values are denoted as

[ , , , ]k k k k k

G G G G G
m m m m md dx dy dw dh . This parameter transformation

relationship is shown as follows (1)、（2）:
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Accordingly, a Gaussian distribution model is developed for
each regression loss parameter [ , , , ]

k k k k km m m m md dx dy dw dh     ,
which is expressed as follows （3）:
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where ( ) [ ( ), ( ), ( ), ( )]k k k k km m m m md dx dy dw dh         denotes
the mean values of the regression loss parameters for each
coordinate of the mk proposal box, respectively, as shown as
follows（4）:
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where ( ) [ ( ), ( ), ( ), ( )]k k k k km m m m md dx dy dw dh         is the
output of UCRD-Net's uncertainty prediction for the mk-th
proposal box after logistic transformation. The loss of
uncertainty branch loss unL is computed as
follows,

910  denoting the error（5）:

（5）

The loss of the regression branch regL is smoothLoss, which
is computed as follows（6）、（7）:

(6)

(7)

The loss of the classification branch classL is Binary Cross
Entropy (BCE), which is denoted as follows（8）、（9）:

0      positive
1     negativek

G
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The total loss function of the detection correction module
consists of the classL , regL and unL , which denote
classification branch loss, the regression branch loss, and the
uncertainty branch loss, respectively.
In the prediction stage, for the mk-th proposal box, the
average of the standard deviation of its four coordinates is
used as its uncertainty  , which is denoted as follows（10）:

( ) ( ) ( ) ( )
4

k k k km m m mdx dy dw dh   


     


（10）

Finally, the cls_score required for the NMS sorting is
corrected by uncertainty, and the corrected score is given by
（11）:

score ( _ ) (1 ) (1 )cls score        （11）

where 0.3  is the weight parameter set by grid search in this
paper
2.3 Chromosome Segmentation Based on Region
Decomposition

The uncertainty-based correction of chromosome
detection boxes in 2.2 addresses the issue of partially missing

chromosome masks by correcting the detection box. However,
overlapping chromosomes can still introduce semantic
ambiguity during segmentation by influencing each other,
resulting in inaccurate mask segmentation. In cases where
chromosomes do not overlap, segmenting chromosomes
multiple times within the RoI leverages multi-directional
information to better define the target and background,
thereby refining the segmentation. When chromosomes
overlap, this multi-directional approach enables the network
to consider the overlapping chromosomes multiple times,
providing inference clues, amplifying semantic responses, and
reducing segmentation mask errors. To achieve this, we
introduce a decomposition factor s, which proportionally
decomposes the RoI into upper, lower, left, and right
sub-regions. The decomposition factor s is defined as the ratio
of the length/width of the decomposed region to the
length/width of the original figure, as schematically shown in
Figure 5(a). For instance, when s equals 0.5, there is no
overlap between the left and right or the upper and lower
decomposed subregions, as depicted in Figure 5(b). With s set
to 0.6, the decomposition partially overlaps the two
sub-regions, preserving structural features between them, as
demonstrated in Figure 5(c). However, when s reaches 0.9,
excessive overlap reinforces the global features of overlapping
chromosomes, hindering rather than facilitating their
segmentation, as shown in Figure 5(d).

(a)

(b) (c) (d)

Figure 5. Original image and decomposition effect under
different decomposition factors. (a) Illustration of the original
decomposition; (b) s=0.5; (c)s=0.6; (d) s=0.9.
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RoI Align extracts each sub-region after decomposition

for 14 × 14 feature maps, respectively, which are denoted as
upper
ijx , bottom

ijx , left
ijx , right

ijx and the complete features whole
ijx

of RoI are extracted at the same time. Obviously, a reasonable
region decomposition helps to retain the overlapping
information, but there is no guidance between regions and it
cannot cover the semantic information of the chromosome
subject. In order to extract features that are biased towards the
overlapping regions and perceive the relationship between the
local and the whole chromosome at the same time, UCRD-Net
weights the features at each pixel point ( , )i j on the feature
maps of different sub-regions to adaptively fuse the features.
The equation is as follows（12）:

left left right right upper upper
ij ij ij ij ij ij ij

bottom bottom whole whole
ij ij ij ij

y x x x

x x

  

 

     

   
（12）

where upper bottom left right whole
ij ij ij ij ij    ， ， ， ， are the sub-region

weights, respectively, which are mapped from the feature map
to the weights by 1×1 convolution and then by softmax. The
equation is as follows（13）:

*

* =
ij

left right upper bottom whole
ij ij ij ij ij

ij
e

e e e e e


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

    


   
（13）

The total loss of the region decomposition module is given by
（14）:

 mask
1 1

1, [ log( ) (1 )log(1 )]
N M

mask mask
ij ij ij ij

i j
L y p y p y p

NM  

    （14）

where N and M denote the length and width of the image, and
denotes ijp the true class of the output mask pixel points,
ymask is the prediction mask feature map output by the
deconvolution and convolution operations of the feature map
obtained from (12).

3. Experiments

3.1 Datasets
To evaluate the performance of the proposed UCRD-Net,

we utilized a clinically collected chromosome image dataset
provided by a precision medical technology company. The
dataset comprises 985 Giemsa-stained microscopic metaphase
images, each with a resolution of 1600 × 1200 pixels. All
chromosome instances within the images are meticulously
annotated by experienced karyotyping experts, including both

bounding boxes and pixel-level masks, ensuring high-quality
and reliable ground truth for instance segmentation tasks.

To enable model training and performance evaluation,
the dataset is randomly split into three subsets following a
6:2:2 ratio: 591 images are used for training, 197 for
validation, and 197 for testing. The final evaluation results are
reported on the testing set to ensure a fair and unbiased
comparison across different methods.

3.2 Evaluations Metrics
In this paper, the effectiveness of the method is evaluated

by using three different evaluation metrics of the average
accuracy (mAP), AP at the IoU threshold of 0.5 (AP50) and
0.75 (AP75) [31]. The IoU metric is defined as（15）:

Area of OverlapIoU
Area of Union

 （15）

A prediction is considered to be True Positive if the IoU
value is higher than the threshold (e.g., IoU > 0.5), and False
Positive otherwise. Then, the area under the curve can be
calculated as（16）:

1

0
AP ( )p r dr  （16）

where ( )p r is the precision-recall curve. The precision
measures the accuracy of the prediction, and the recall
measures whether the positive results are good or not. The
precision and recall are computed as（17）、（18）:

(17)

(18)

where TP = true positive, FP = false positive, and FN = false
negative.

In practice, in a majority of current papers about instance
segmentation, the interpolated curve is calculated in ranges
from IoU threshold of 0.5 to 0.95 with a step size of 0.05. This
method was also used in this paper. The mAP metric
calculates the mean of AP across all of the IoU thresholds. We
also used AP at fixed IoUs: IoU = 0.5 (AP50) and IoU = 0.75
(AP75). This means that a prediction is considered as True
Positive if its IoU is >0.5 and >0.75 respectively. Thus, the
higher the threshold, the greater the requirement for the
accuracy of matching the prediction to the ground-truth. The
standard metrics used in this study allow direct comparison of

Recall TP
TP FN




Precision= TP
TP FP
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future methods with the approach used in this paper.
3.3 Implementation Details

Experiments were conducted using an Intel(R) Xeon(R)
W-2175 CPU @2.50GHz processor, 64GB RAM, NVIDIA
GeForce RTX 2080Ti GPU, and all networks were built based
on the deep learning framework PyTorch.

For the selection of the P2 and P3 layers as the output of
the FPN, we conducted the following specific analysis:
suppose that the number of pixel points for each chromosome
in the dataset is { }1 2 tN ,N ,...,N and t is the number of all
chromosomes in the dataset. The G-band chromosome dataset
used in this paper contains 985 images with a total of 40575
labelled chromosomes. The area histogram of each single
chromosome by pixel numbers is shown in Figure. 3. We can
see that the area of a single chromosome is mostly in [0, 5000],
and accordingly, the image area proportion of a single
chromosome is [0-0.0026]. Reference to the anchor setting of
Mask R-CNN, the area share of anchors on each feature layer
of P2-6 is calculated as [0.0011, 0.0047, 0.0188, 0.0752,
0.3011], respectively. So only the output P2, and P3 feature
layers can cover all chromosome instances. The anchors with
area of {322,642,962,1282} are set according to aspect ratio
{1:5,1:4,1:3,1:2,1:1,2:1,3:1,4:1,5:1}, respectively. Due to the
hardware limitations and image size, the batch size is set to 1.
The initial learning rate is 0.02, the momentum is 0.9, and the
weight decay is 0.0001, with the random gradient descent
method used for network optimization.
3.4 Comparisons with Other Methods

We compare UCRD-Net with the generic instance
segmentation networks, including Mask R-CNN [26], PANet
[32], Cascade R-CNN [33], HTC [34], Mask Scoring R-CNN
[35], as well as current instance segmentation networks
designed for chromosome datasets such as AS-PANet[23],
ESNet [17] and RCNet [36]. The results of the comparison
experiments are presented in Table 1.

Test Accuracy. Mask R-CNN achieved a mAP of 79.4%,
AP50 of 97.4%, and AP75 of 93.6%. PANet enhances
multi-scale feature representation by introducing feature
pyramid augmentation and a top-down path aggregation
strategy. However, its performance on the chromosome
segmentation task is inferior to that of Mask R-CNN. Other
general-purpose instance segmentation methods, such as
Cascade R-CNN, adopt a cascaded architecture that
progressively refines multi-stage regression and classification.

HTC further builds upon Cascade R-CNN by incorporating a
parallel mask branch and introducing inter-task information
flow. Compared to Mask R-CNN, these methods achieve
certain performance improvements, which can be mainly
attributed to their enhancements in joint optimization of
detection and segmentation, multi-stage refinement
mechanisms, and mask quality estimation. When Mask
Scoring R-CNN introduced the Mask IoU head to predict
mask quality scores, it improved the segmentation
performance slightly, with the mAP increasing by 0.4%, AP50
by 0.1%, and AP75 by 0.2%. AS-PANet, a method specifically
designed for chromosome datasets, demonstrated an
improvement of 0.7% in mAP and 0.2% in AP50 compared to
Mask R-CNN. ESNet incorporates chromosome edge
information, resulting in a 2.3% improvement in mAP
compared to Mask R-CNN. This performance gain may be
attributed to the use of edge cues, which help the model
produce more precise segmentation results. RCNet
demonstrated a 3.7% increase in mAP, a 0.3% increase in
AP50, and a 0.5% increase in AP75 compared to Mask
R-CNN, with significant improvements in all evaluation
metrics. These positive results stem from the proper
adaptation of the network architecture to the chromosome
dataset. In comparison, UCRD-Net, designed with the
chromosome dataset in mind, showed the most significant
improvement. It achieved a remarkable 4.1% increase in mAP,
0.4% in AP50, and 1% in AP75, surpassing all other
approaches in all performance metrics.

Table 1 Comparison with existing methods

Methods mAP AP50 AP75

Mask R-CNN 79.4 97.4 93.6

PANet 76.2 97.1 92.1

Cascade R-CNN 80.3 97.6 93.6

HTC 80.4 97.4 93.8

Mask Scoring

R-CNN
79.9 97.6 93.6

AS-PANet 80.1 97.6 93.8

ESNet 80.7 98.5 94.1

RC Net 83.1 97.7 94.1

UCRD-Net 83.5 97.8 94.6

Analysis of results: Mask Scoring R-CNN shows
marginal performance gains compared to Mask R-CNN,
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which can be attributed to inherent challenges posed by the
chromosome dataset, characterized by similar chromosome
shapes and small objects. The distinctions in Mask IoU for
this dataset are relatively minor, resulting in limited
corrections and thus the observed marginal improvement.
AS-PANet involves the addition of a counting branch to
estimate the number of chromosomes in the image. However,
the improvement in accuracy was not substantial, mainly due
to differences between the dataset used in AS-PANet and the
dataset in this paper. The dataset of AS-PANet is mainly
characterized by images of chromosome clusters, which
contain a small number of chromosomes (typically 2-5). In
contrast, the dataset in this paper consists of images directly
extracted from human cells, typically containing 46
chromosomes (including images of chromosomes with
abnormal data). In this case, counting branches produce large
errors and losses, making network training challenging and
limiting the effectiveness of the method. RCNet, designed
specifically for the chromosome dataset, achieved notable
improvements. UCRD-Net outperformed other methods by
optimizing feature extraction, addressing the challenges of
detection and segmentation caused by overlapping instances,
and introducing specific branches and strategies. This
comprehensive enhancement effectively improved
chromosome segmentation accuracy.
3.5 Ablation Studies

We designed ablation experiments to evaluate the
effectiveness of each module in UCRD-Net for feature
extraction, and the results are shown in Table 2.
Table 2.Ablation study

Methods mAP AP50 AP75
Mask R-CNN 79.4 97.4 93.6

Mask R-CNN + FE 79.9 97.6 93.6
Mask R-CNN + FE + UC 82.1 97.7 94.4
Mask R-CNN + FE + RD 81.9 97.7 93.9

Mask R-CNN + FE + UC+
RD

83.5 97.8 94.6

* FE: chromosomal feature extraction; UC: uncertainty-based

correction of chromosome detection boxes; RD: chromosome

segmentation based on region decomposition.

Feature extraction module enhances downstream
segmentation: Compared with the training weights obtained
on natural images only, the feature extraction module with the
addition of chromosome image fine-tuning can extract more

features about chromosomes, and its feature selection is more
specific to chromosome shape features, so compared to the
baseline (Mask R-CNN), except for the more demanding
AP75 item, the performance on mAP improves the
performance by 0.5% and AP50 by 0.2%.

UC improves detection performance: As illustrated in
Figure 6(a), the segmentation result of Mask R-CNN
showcases missed and inaccurately positioned detection boxes,
leading to mask omissions. In contrast, Figure 6(b) shows the
outcome after adding uncertainty correction, effectively
addressing these issues. In Table 1, the addition of uncertainty
correction results in a 2.7% improvement in AP relative to the
baseline, a 0.3% improvement in AP50 relative to the baseline,
and a 0.8% improvement in AP75 relative to the baseline,
with improvements observed across all metrics. The baseline
method relies on a classification score representing the
probability of the presence of chromosomes in the detection
box to rank the boxes. However, it lacks a mechanism to
assess the reliability of the detection boxes and determine
their accuracy. The introduction of uncertainty metrics reflects
the reliability of the detection boxes. Sorting scores
post-uncertainty correction alleviates over-suppression due to
overlapping instances, resulting in more accurately localized
boxes. Consequently, the masks obtained in the subsequent
segmentation task are more precise. Moreover, the UC module
demonstrates substantial improvements in the challenging
AP75 metric compared to other modules, demonstrating that
the use of uncertainty enables UCRD-Net to obtain more
accurate masks.

(a) (b)

Figure 6. Visualization results of the UC module. (a) Mask
R-CNN segmentation results; (b) segmentation results after
adding uncertainty correction.

RD mitigates the semantic ambiguity: We employ a
decomposition factor (s=0.6) to break down the RoI region,
the multi-region reminder network diminishes the influence of
features from other chromosomes within the RoI,
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strengthening the features of the target chromosome for
segmentation. In Table 1, it is evident that reasonable
decomposition and fusion can alleviate semantic ambiguity,
yielding a higher IoU of the segmentation mask and the
ground-truth mask. Consequently, more accurate chromosome
masks are achieved, with mAP improving by 2.5% relative to
the baseline, AP50 by 0.5%, and AP75 by 0.3% relative to the
baseline. RD module assists the network in distinguishing the
segment corresponding to the object chromosome and
alleviates the semantic ambiguity associated with overlapping
chromosomes.

Figure 7 shows the result of feature map visualization,
where wholex is the feature before the fusion operation and

fusionx is the feature after the fusion operation. All other
regions correspond to the parts of the original region
decomposition, as shown in Figure 7(a). The semantic
ambiguities circled in red above in wholex reflected in leftx
and upperx , while the semantic ambiguities circled in red
below reflected in rightx and bottomx . We note that when no
measures are taken, the ambiguous features caused by other
chromosomes are not eliminated, resulting in redundant masks
for subsequent mask segmentation. When each region is
extracted and adaptively fused with the strategy, the four
regions together strengthen the semantic response of the
chromosome to be segmented, while the semantic response of
the weaker part is weakened, making the final mask obtained
more complete, as shown in Figure 7(b).

(a) (b)

Figure 7. Visualization results of the RD module. (a)
schematic diagram of the original image region decomposition;
(b) feature map of each region and comparison of features
before and after fusion.

4. Conclusion

Chromosome segmentation serves as the cornerstone of
automated karyotype analysis, and accurately segmenting
overlapping or cross-over chromosomes remains a critical
challenge. To address this, we propose UCRD-Net, an
end-to-end chromosome instance segmentation framework

designed for datasets with limited annotations and high
degrees of chromosome overlap. UCRD-Net integrates two
key innovations: uncertainty correction, which refines
bounding box localization through confidence modeling, and
region decomposition, which alleviates semantic ambiguity in
overlapping regions by disentangling and adaptively fusing
feature representations. To validate the efficacy of our
designed end-to-end chromosome instance segmentation
method, which leverages uncertainty correction and region
decomposition, we conducted experiments using a clinical
chromosome dataset. Comparative analysis against other
standard instance segmentation methods confirms that our
proposed approach surpasses them in terms of average
segmentation performance. It also demonstrates superior
segmentation performance at threshold values of 0.5 and 0.75.
Remarkably, our algorithm accomplishes end-to-end
segmentation of individual chromosomes within the original
image, eliminating the need for preprocessing into
chromosome cluster images.

Although the proposed model demonstrates superior
performance compared to previous methods on the clinical
chromosome dataset, it still has certain limitations. In
particular, the current region decomposition strategy, while
effective in reducing semantic ambiguity in moderately
overlapping cases, may struggle to precisely segment highly
entangled or densely overlapped chromosomes. In these
challenging scenarios, the decomposed directional features
may not fully capture the intricate spatial relationships,
leading to incomplete boundaries or inaccurate mask
assignments. In the future, we will explore more advanced
mechanisms, such as integrating contour-based prior
reasoning and designing adaptive or learnable decomposition
strategies, to further improve segmentation accuracy under
complex overlapping conditions.
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