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Abstract: Objective Karyotype analysis has always been the gold standard for detecting fetal chromosomal abnormalities.
As one of its core steps, chromosome classification is the premise of subsequent anomaly recognition. The traditional chro-
mosome classification mainly relies on the manual operation of karyotype experts. However, this approach is inefficient and
has strong subjectivity. Thus, high-performance automatic classification methods must be urgently developed. Although

remarkable progress has been made in automatic classification methods based on deep learning, the approaches often rely
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heavily on large-scale labeled datasets and the assumption that the training and test sets are independent and identically dis-
tributed. In clinical practice, the distribution of chromosome data from different sources varies significantly because of the
high cost of chromosome data annotation and the differences in banding technique and acquisition equipment. Domain
adaptation methods, which can transfer the knowledge of the labeled source domain to the unlabeled target domain data,
provide a solution for this issue. However, common domain adaptation methods require access to source domain and target
domain data. This approach cannot easily meet the increasingly strict requirements of data privacy protection in the context
of medical systems. In addition, the difference in karyotype resolution caused by a different number of chromosome bands
is the main factor leading to the decline of cross-domain knowledge transfer performance of chromosomes. In response to
these issues, we propose a bi-confidence pseudo-label guided source-free domain adaptation for chromosome classification
with karyotype resolution discrepancy (BCPL-SFDA). Method The overall framework of BCPL-SFDA is divided into two
stages: source domain model training and target domain model training. In the training stage of the source domain model,
the model is pretrained with labeled source domain data, and the basic characteristics and discriminant ability of chromo-
some classification are obtained. In the training stage of the target domain model, the pretrained source domain model is
used to initialize the network weight, and then transfer learning is carried out on the unlabeled target domain data. In this
study, a deep and shallow double-branch feature retention mechanism for karyotype resolution discrepancy is constructed.
This mechanism is different from the traditional classification model, which only relies on the last layer of deep features for
classification. The mechanism in this study combines deep and shallow features to obtain transferable knowledge at differ-
ent levels of the source domain. It retains the deep semantic prior of the source domain and the shallow texture and shape
representation. It also realizes the progressive alignment of the feature space of the source domain and the target domain.
The understanding and recognition ability of the model to differential resolution chromosome images are significantly
enhanced. Furthermore, a bi-confidence class-centric pseudo label (BCCPL) strategy, which aims at the typical character-
istics of large intraclass variation and small interclass variation of chromosome data, is proposed. It combines high and low
confidence samples to explore the intraclass diversity and interclass distinctions of chromosomes thoroughly. Result In this
study, two G-band chromosome datasets with different resolutions, chromosome based on inception-ResNet (CIR-Net) and
Private, are used. First, we compare these datasets using 10 domain adaptation methods. For Private—CIR-Net tasks, the

classification accuracy of the proposed method reaches 96. 11%, which is 1. 17% higher than that of the optimal domain

adaptation method a hybrid model of structurally regularized deep clustering (H-SRDC) and 6. 76% higher than that

of the optimal source-free domain adaptation method source hypotheisis transfer(SHOT). In CIR-Net—Private tasks,
the proposed method achieves significant advantages: compared with the second-best domain adversarial training of neural
networks (DANN) method, the proposed method shows an improvement of 9. 97%. Experimental results show the signifi-
cant performance advantages of the proposed method. Second, the ablation experiments are performed to demonstrate the
effectiveness of each component. We compare the performance of different branch number feature retention mechanisms,
and the double-branch feature retention mechanism achieves the best accuracy. In gradient weighted class activation map-
ping (Grad-CAM) visualization, shallow and deep features are extracted by this mechanism, which realizes dual attention
to the overall chromosome structure and local details. We also verify the effectiveness of the loss function Lsim. The
BCCPL strategy effectively improves the learning ability of the model under complex data distribution. Finally, the limita-
tions of this method on short chromosomes are discussed through visual analysis. Conclusion A source-free domain adapta-
tion BCPL-SFDA for chromosome classification is proposed in this paper to solve the problem of cross-domain chromosomal
karyotype resolution discrepancy and the inherent characteristics of chromosome data with large intraclass differences and
small interclass differences. In particular, BCPL-SFDA adopts a dual-path framework, which preserves the deep semantic
prior of the source domain and the shallow texture and morphological representation. It also realizes the progressive align-
ment of the feature space between the source domain and the target domain, thereby effectively overcoming the performance
limitation of single-layer features when dealing with karyotype resolution discrepancy. Moreover, the BCCPL strategy is
designed to combine high and low confidence samples and generate reliable pseudo-labels through multicenter prototype
clustering. Thus, the attention of the model to easily confused samples is enhanced, and the performance of the model is

improved. Results of cross-domain classification on two chromosome datasets with different resolutions demonstrate that



1174

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 4,Apr. 2026

this method can effectively enhance the recognition capability for transferring between chromosome images of different reso-

lutions. Moreover, it can optimize the extraction of intraclass and interclass features and improve the performance of cross-

domain chromosome classification. In the future, fine-grained feature extraction of short and small chromosomes can be

studied to solve the limitations of such methods. This study can provide an important reference for further improving the per-

formance of the model in cross-resolution chromosome classification tasks.

Key words: chromosome classification; source-free domain adaptation; karyotype resolution discrepancy; microscopic

image; privacy protection
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Table 1 The performance of different domain adaptation
methods on classification accuracy
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Fig. 3 The visualization results of t-SNE of different methods on the CIR-Net—Private task
((a) BMD; (b) DANN; (¢) BCPL-SFDA (ours))
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Table 2 The performance of feature retention mechanism

with different branch numbers

1%
PE I — H bR CIR-Net—Private  Private—CIR-Net
L3 52.46 88.02
X33 (A30) 69.64 94.49
B 55.42 92.03

E L SRR 5 8 B AL 25

ping) FTAAL T o 151 4 Sy AN [RIRPAE £ B AL A 7 S KK
TR 3SR AR RIE A RO

BN

(a) HAAYSTHELEMY L, JZTHLAL

0 o
1 «
-

(b) B HELER) L, J2 Ak

(0 RS LI L, RTHAL
4 CIR-Net—Private 113 5 Q44K Grad-CAM A] # 4k
Fig. 4 Grad-CAM visualization of chromosome 3 on CIR-Net—

Private task ((a) visualization at the L, layer of the single
branch framework ; (b) visualization at the L, layer of the
two branch framework ; (¢) visualization at the L, layer of

the two branch framework )
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Fig. 5 Grad-CAM visualization of chromosome 3 on CIR-Net—

Private task ((a) visualization at the L, layer of the two branch
framework ; (b) visualization at the L, layer of the

three branch framework )
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Table 4 Comparison of the performance of pseudo-label
strategies with different confidence levels
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Confusion matrices of our method on different tasks ((a) Private—CIR-Net task; (b) CIR-Net—Private task)
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