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Abstract: Breast cancer is one of the main factors responsible for the deaths of women worldwide. Ultrasound 

imaging is a key method for early detection of breast cancer, which can help pa- tients gain valuable treatment 

time and improve their chances of survival. The computer-aided system of breast cancer recognition has started 

to receive attention due to the lack of experienced sonographers. Presently, most breast cancer recognition 

methods typically suffer from uncertain locations and proportions of tumor regions in ultrasound images. In 

this paper, we propose a novel Regional Prior Fusion framework using Early and Late Distillation (RPF-ELD), 

inspired by the knowledge distillation of the teacher-student framework, for breast cancer recognition in 

ultrasound images. Firstly, to enhance the concentration of the tumor regions, a high-performing prior-

fused model is trained as the teacher model using ultrasound images with the corresponding regional prior 

information. Next, a diagnostic model is trained as the student model under the prior-fused model distillation 

using early and late features to implicitly obtain the regional prior knowledge. Finally, the diagnostic model 

recognizes the categories of breast cancer from only ultrasound images using the experience from distilled 

prior knowledge. Two publicly released datasets are used to evaluate the proposed RPF-ELD framework. 

Experimental results demonstrate that the proposed RPF-ELD surpasses current state-of-the-art methods. 

Keywords: breast cancer; ultrasound imaging; knowledge distillation; medical image processing; deep 

learning 

 

Introduction 

Breast cancer remains a formidable challenge on the global health landscape, representing one 

of the most prevalent malignancies and the primary cause of female mortality [8,12,24]. Despite 

significant advancements in medical science, the battle against breast cancer persists, particularly in 

regions with limited resources where survival rates plummet below 40% [16]. Early detection stands 

as the linchpin in this struggle, offering extended treatment windows and heightened prospects of 

survival [15,21]. Consequently, there arises an imperative for precise and timely diagnosis, 

particularly in locales grappling with a scarcity of experienced medical professionals [12]. 

Breast ultrasound, heralded as a pivotal diagnostic modal- ity, holds promise in discerning 

between benign, malignant, and normal breast tissue [22]. Its appeal lies in its cost- effectiveness, 

non-invasiveness, and absence of ionizing ra- diation, rendering it particularly suitable for regions 

with constrained healthcare resources [4,18,22]. Yet, the ef- ficacy of ultrasound diagnosis is tethered 
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to the expertise of sonographers, a resource in short supply relative to patient needs [5,7]. Therefore, 

to provide an objective and accurate assessment for the early detection of breast cancer, computer- 

aided diagnostic systems for breast ultrasound imaging have become necessary. 

The development of deep learning in medical image pro- cessing makes the computer-aided 

breast cancer recognition possible [3,10,14,32]. However, a significant challenge faced by most 

methods lies in the uncertainty regarding tumor locations and proportions within ultrasound images 

[11,34], which can be found in Figure 1. In order to address this challenge, one line of research 

incorporates breast cancer char- acteristics by employing labeled Regions of Interest (ROIs) to direct 

the model’s attention to specific areas. However, these methods cannot diagnose in the absence of 

ROIs, which is not suitable for real diagnostic scenarios. In contrast, whole-image diagnostic methods 

can adapt to real diagnostic settings, but they lack the integration of specific breast cancer characteris- 

tics, leaving room for performance improvement. 

 

Benign Tumors Malignant Tumors 

Figure 1. Some examples of benign and malignant tumors in ultrasound images. White arrows point 

to the tumors. For both types of tumors, the key region proportions and locations vary widely. Some 

cover only an extremely tiny part but some cover over a half part. The positions of tumors also change 

widely. 

Regarding the first approach, predefined ROIs can focus the model’s attention on key areas. For 

instance, Moon et al. [20] proposed an image fusion method that combines manually labeled tumor 

images, segmented tumor images, and tumor shape images into a fused image, then classifies breast 

cancer tumors from the fused image using an ensemble learning of convolutional neural networks 

(CNNs). Zhuang et al. [33] introduced an adaptive multi-model spatial feature fusion method that 

repeatedly transforms and fuses ultrasound images with manually labeled mask images, then 

classifies tumor types using a CNN. These methods reduce errors resulting from variations in 

tumor location and proportions as presented in ultrasound images, however, they are somewhat 

limited in real diagnostic environments where ROIs of ultrasound images are unavailable. 

Whole-image analysis methods are feasible in practical clinical settings. For example, Masud et 

al. [17] explored the performance of various pre-trained CNN models combined with different 

optimization methods in breast cancer diagnosis. Mo et al. [19] proposed a novel HoVer-Trans 

method that extracts inter- and intra-layer spatial information of breast tumor tissue transversely and 

longitudinally. These methods can be directly utilized in real clinical settings without manu- ally 

marked ROIs and demonstrate acceptable performance. However, due to the uncertain proportion 

and location of tumors in ultrasound images, there remains room for further improvement. 
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Besides the aforementioned mainstream research, Zhang et al. [31] first adopted the proposed 

REAF method to decouple the diagnosis by fusing extracted confidence features. This method first 

uses segmentation techniques to extract ROIs, then fuses the segmented images to diagnose breast 

cancer, which achieves state-of-the-art performance while ensuring usability in actual clinical 

settings. However, the extracted ROIs cannot be absolutely accurate, and the fusion of erro- neous 

regional information will affect downstream diagnostic models. 

In this paper, we propose a regional prior fusion framework using early and late distillation 

(RPF-ELD), inspired by the knowledge distillation of the teacher-student framework, for breast 

cancer diagnosis in ultrasound images. To mitigate the challenges posed by the low proportion and 

variable positions of tumors, we incorporate the tumor region information as prior knowledge into 

our framework. To ensure the model’s ap- plicability in real-world scenarios, we propose an early and 

late feature distillation method, integrating the prior knowledge into the diagnostic model that relies 

solely on ultrasound image analysis. Specifically, our framework involves the following key steps. 

First, we fuse the regional prior information of ROIs with ultrasound images to train a prior-fused 

model as the teacher model. Then, this teacher model is used to distill the prior information into a 

diagnostic student model based on only the ultrasound image. Finally, through this distillation 

process, the diagnostic model learns to carry the prior infor- mation and analyze the images without 

the need for ROIs. By adopting this methodology, our diagnostic model benefits from the inclusion of 

ROI as prior knowledge while maintaining robustness and applicability in practical clinical settings. 

We conducted experiments on two publicly available datasets. Experimental results demonstrate that 

the fusion of regional prior information improves the teacher model significantly, the prior-fused 

feature distillation enhances the diagnostic model effectively, and the proposed RPF-ELD surpasses 

current state- of-the-art methods. 

The contributions of this paper can be summarized as follows: 

We propose a regional prior fusion framework that fuses 
unavailable prior information of tumor regions into a diagnostic model by the knowledge 

distillation paradigm of the teacher-student framework. 

We propose an early and late distillation method that distills the prior information from the 

teacher model to the student model in the levels of contexts and the deep features. 

The experimental results, on two publicly released datasets, demonstrate that the proposed 

framework achieves state-of-the-art performance. 

METHOD 

A diagram of the proposed RPF-ELD framework is shown in Figure 2, which contains two 

models and three optimization methods. Two models are the prior-fused teacher model and 

diagnostic student model, and three optimization methods are early distillation, late distillation and 

diagnosis learning. The prior-fused teacher model learns the tumor pattern from the fusion of 

ultrasound images and the corresponding regional prior information using diagnosis learning. The 

diagnostic student model learns the diagnosis from only the ultrasound images using diagnosis 

learning as well as the early and late distillation from the teacher model. 
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Figure 2. The diagram of the proposed RPF-ELD framework includes two models and three 

optimization methods. Two models are the prior-fused teacher model and diagnostic student 

model, and three optimization strategies are early distillation, late distillation and diagnosis learning. 

The prior-fused teacher model learns the tumor pattern from the fusion of ultrasound images and 

the corresponding regional prior information using diagnosis learning. The diagnostic student model 

learns from only the ultrasound images using diagnosis learning as well as the early and late 

distillation from the teacher model. 

A. Prior-fused Teacher Model 

In ultrasound images, the proportions of tumors are variable, and the locations are also uncertain. 

These characteristics prevent current methods from high performance using whole images. To solve 

the interference of tumor uncertainty, we directly fuse the regional prior information of tumor areas 

into the teacher model. Specifically, during the learning stage, each ultrasound image with the 

corresponding regional prior information is first sent into the Prior Fusion to obtain a prior-fused 

feature map. Next, a feature extractor is used to mine deep features from the prior-fused feature map. 

Finally, a diagnostic layer classifies the type of input tumors. 

Prior Fusion: The purpose of Prior fusion is to inte- grate regional prior knowledge of the tumor 

with ultrasound images, which generates prior-fused feature maps to enhance downstream analysis. 

To this end, the convolution operation is a suitable approach, which conducts interaction from 

different channels at the pixel level using trainable kernels. Therefore, the regional prior and the 

corresponding image can be fused using a convolution: 

Mfusion = CONV1×1([Iu, Ip]) (1) 

where Iu is the ultrasound image, Ip is the corresponding prior information of the ROI image, [·] 

is the concat operation of two images, and Mfusion is the prior-fused feature map. The Mfusion, 

containing meaningful regional prior information of key areas, will be used for early distillation after 

well-trained. 

Feature Extractor: After obtaining the prior-fused fea- ture map, the Feature Extractor aims to 

effectively represent the features of the input sample for downstream diagnosis. Although various 

deep models for feature extraction have been proposed, pretrained visual models are still effective 

methods for visual feature extraction. Therefore, pretrained visual models are selected to be the 

feature extractor for the teacher model. The feature extraction process can be illustrated as follows: 

Ft = Te(Mfusion) (2) 
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where Te is the feature extractor of the teacher model, Ft is the extracted feature representation 

for downstream diagnosis as well as the late distillation for the student model. In this study, we 

employ VGG16 as the feature extractor, which will be further discussed in the experiment. 

Diagnostic Layer and Diagnosis Learning: To analyze tumors effectively on the extracted feature 

representations, we employ a fully connected network as the diagnostic layer to classify the type of 

tumors as follows: 

ot = Dt(Ft) (3) 

 

where Dt is the diagnostic layer of the teacher model, ot is the output logit from the teacher 

model. ot,k is k-th dimensional value, where k is 0 or 1 with 0 denoting benign and 1 denoting 

malignant (in some cases, k is 0, 1 or 2, where 2 denotes the normal). pt,i is the likelihood of the 

input sample belonging to type i from the teacher model. 

Finally, the whole prior-fused teacher model is optimized using the cross-entropy loss function 

as: 

 

where N is the total number of training samples, yn,k is the label for sample n, which is 1 if it 

belongs to type k or 0 otherwise, and pt,n,k is the likelihood from the teacher model of sample n 

belonging to type k or not. 

B. Diagnostic Student Model 

The diagnostic student model learns the tumor pattern from only the ultrasound images using 

diagnosis learning as well as the proposed distillation method to obtain the tumor regional prior 

knowledge from the teacher model. 

Prior Fitting: The Prior Fitting aims to transform the original input ultrasound image into a 

more meaningful feature map, which will be guided by the teacher model using early distillation. 

Similar to the Prior Fusion of the teacher model as shown in Eq. (1), we also use a convolutional 

operation to obtain a prior-fitted feature map Mfitted: 

Mfitted = CONV1×1(Iu) (6) 

The parameters of Prior Fitting will be trained together with the whole student model. 

Early Distillation: The Early Distillation aims to guide the Prior Fitting to learn a transformation 

for more meaningful feature maps from only ultrasound images. The guidance of Early Distillation 

is a loss function that optimizes the gap between the prior-fitted feature map and the prior-fused 

feature map as illustrated as follows: 

lossED = ||Mfitted − Mfusion||1 (7) 

where || · ||1 is the loss of L1 distance, and lossED is the early distance loss. Using the lossED of 

Early Distillation, the prior- fitted feature map can be as near as same as possible to the prior-fused 

feature map, which provides more information in the context level. 

Feature Extractor: Similar to the teacher model, the fea- ture extractor of the diagnostic student 

model aims to extract effective feature representations from Mfitted for downstream diagnosis: 

Fs = Se(Mfitted) (8) 
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where Se is the feature extractor of the student model, using VGG16 because of its good 

performance, which will be discussed in the experiment. Fs is the feature representation of the input 

ultrasound image. 

Late Distillation: The Late Distillation aims to guide the student model to extract effective feature 

representations for input ultrasound images. Specifically, it enforces the extracted feature from the 

student model as similar as possible to that from the prior-fused teacher model using late distillation 

loss: 

lossLD = ||Fs − Ft||1 (9) 

Diagnosis Learning: The diagnosis learning enables the student to learn the tumor patterns, which 

is the same as that of the teacher model of Eq. (5), using cross-entropy to obtain the loss losssd. 

Overall Optimization: The overall optimization of the student model is joint learning from 

supervision of early distillation, late distillation and diagnosis learning: 

losss = 0.1lossED + 0.2lossLD + 0.7losssd (10) 

The joint learning enforces the student model learns the recognition of cancer tumors as well as 

the experience of prior information. 

Table 1. Quantitive comparisons of feature extractors among state-of-the-art pretrained visual 

models on the UDIAT and BUSI. datasets. ’Average’ indicates the mean value of AUC, Accuracy, 

Specificity, Precision, Recall and F1-score. The values following ± are standard deviations. 

Dataset 
 

 
 UDIAT  

Methods AUC↑ Accuracy↑ Specificity↑ Precision↑ Recall↑ F1-score↑ Average↑ 

ViT [30] 74.95±0.101 81.29±0.080 79.28±0.094 76.24±0.105 76.24±0.105 77.07±0.101 77.51±0.098 

Swin-Transformer 

[13] 
76.47±0.096 83.23±0.058 81.26±0.063 79.24±0.084 79.24±0.084 79.80±0.076 79.87±0.077 

MaxViT [27] 78.00±0.098 85.16±0.058 83.25±0.063 82.24±0.081 82.24±0.081 82.52±0.076 82.24±0.076 

Efficientb3 [25] 80.47±0.042 85.16±0.053 83.65±0.054 81.72±0.082 81.72±0.082 82.34±0.075 82.51±0.065 

Res50 [9] 82.95±0.043 85.16±0.053 84.05±0.063 81.19±0.082 81.19±0.082 82.16±0.075 82.78±0.066 

VGG16 [23] 85.04±0.042 85.16±0.053 83.97±0.054 81.72±0.082 81.72±0.082 82.29±0.075 83.32±0.065 

Dataset BUSI 

Methods AUC↑ Accuracy↑ Specificity↑ Precision↑ Recall↑ F1-score↑ Average↑ 

ViT 88.49±0.038 78.58±0.047 77.74±0.063 87.36±0.028 75.51±0.063 75.56±0.055 80.54±0.049 

Swin-Transformer 

[13] 
89.07±0.033 80.13±0.046 79.63±0.058 88.13±0.024 76.61±0.049 76.96±0.049 81.75±0.043 

MaxViT [27] 89.42±0.036 80.39±0.041 78.61±0.050 88.48±0.027 77.56±0.053 77.63±0.045 82.01±0.042 

Efficientb3 [25] 90.12±0.026 80.13±0.047 78.02±0.059 88.69±0.023 78.83±0.042 76.96±0.047 82.12±0.041 

Res50 [9] 90.12±0.034 80.26±0.040 78.02±0.048 88.69±0.022 78.56±0.048 77.95±0.043 82.27±0.039 

VGG16 [23] 90.42±0.034 81.42±0.032 79.86±0.055 89.04±0.020 78.83±0.052 78.73±0.039 83.05±0.039 

Table 2. Comparisons of the Backbone Model with and without using the Regional Prior Fusion 

on the UDIAT and BUSI datasets. ’Average’ indicates the mean value of AUC, Accuracy, 

Specificity, Precision, Recall and F1-score. The values following ± are standard deviations. ’RPF’: 

Regional Prior Fusion. 

Dataset 
 

 
 UDIAT  

Methods AUC↑ Accuracy↑ Specificity↑ Precision↑ Recall↑ F1-score↑ Average↑ 

Backbone 85.04±0.042 85.16±0.053 83.97±0.054 81.72±0.082 81.72±0.082 82.29±0.075 83.32±0.065 

Backbone+RPF 99.84±0.003 94.62±0.067 96.58±0.041 91.67±0.104 91.67±0.104 93.12±0.088 94.58±0.068 

Dataset 
 

 
 BUSI    
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Methods AUC↑ Accuracy↑ Specificity↑ Precision↑ Recall↑ F1-score↑ Average↑ 

Backbone 90.42±0.034 81.42±0.032 79.86±0.055 89.04±0.020 78.83±0.052 78.73±0.039 83.05±0.039 

Backbone+RPF 100.0±0.000 99.35±0.006 99.23±0.008 99.71±0.003 99.62±0.004 99.42±0.006 99.56±0.004 

Table 3. Ablation study of the proposed RPF-ELD method crossing the combination of early 

distillation and late distillation on the UDIAT and BUSI datasets. ’Average’ indicates the mean 

value of AUC, Accuracy, Specificity, Precision, Recall and F1-score. The values following ± are 

standard deviations. ’B’: Backbone model; ’S’: Student model; ’T’: Teacher model; ’ED’: Early 

Distillation; ’LD’: Late Distillation. 

Dataset   UDIAT  

Methods AUC↑ Accuracy↑ Specificity↑ Precision↑ Recall↑ F1-score↑ Average↑ 

B 85.04% 85.16% 83.97% 81.72% 81.72% 82.29% 83.32% 

S Distilled by T(B+ED) 87.14% 87.10% 92.00% 80.00% 80.00% 83.15% 84.90% 

S Distilled by T(B+LD) 88.10% 87.10% 87.23% 82.62% 82.62% 84.34% 85.34% 

S Distilled by T(B+ED+LD) 88.26% 88.17% 90.33% 83.41% 83.41% 85.41% 86.50% 

Dataset 
 

 
 BUSI    

Methods AUC↑ Accuracy↑ Specificity↑ Precision↑ Recall↑ F1-score↑ Average↑ 

B 90.42% 81.42% 79.86% 89.04% 78.83% 78.73% 83.05% 

S Distilled by T(B+ED) 93.13% 81.29% 78.56% 89.97% 81.75% 79.13% 83.97% 

S Distilled by T(B+LD) 92.50% 82.58% 82.37% 89.41% 80.23% 81.23% 84.72% 

S Distilled by T(B+ED+LD) 93.97% 86.02% 83.99% 92.10% 84.68% 84.12% 87.48% 

Experimental Settings 

Datasets 

Two publicly released datasets, UDAIT [29] and BUSI [1], are adopted to validate the 

performance of the proposed framework in this paper. 

UDAIT is proposed in the research of Yap et al . [29], which is widely used in many studies 

[6,26,28]. It contains 163 samples in total, including 109 benign samples and 54 malignant samples. In 

the experiments, 20% samples of benign and malignant cases are randomly selected to form a test set. 

The remaining data forms the training set. Finally, the training set contains 88 benign tumors and 44 

malignant tumors, 132 samples in total. The test set contains 21 benign tumors and 10 malignant 

tumors, in a total of 31 samples. 

BUSI is released in the study of Al-Dhabyani et al. [1]. It contains 437 benign tumor samples, 

210 malignant tumor samples, and 132 normal samples, in a total of 779 samples. Similarly, 20% of 

the samples are also randomly selected from benign tumors, malignant tumors, and normal cases into 

the test set, while the remaining data form the training set. Finally, the training set contains 350 benign 

tumors, 168 malignant tumors, and 106 normal samples, in a total of 624 samples in total. The test 

set contains 87 benign tumors, 42 malignant tumors, and 26 normal samples, in a total of 155 samples. 

Evaluation Metrics 

To evaluate the performance of the proposed framework in quantity, we employ commonly 

used metrics, including the area under the ROC curve (AUC), accuracy, specificity, precision, recall, 

and F1-score. To better display the overall performance of different methods, the average value of 

the six metrics is also included. 

Implementation Details 

The feature extraction models for both the teacher and student networks are chosen to use 

VGG16 [23] due to its good feature representation ability, which will be discussed in the experiments. 

The teacher model is trained first, then, fix its parameters to train the student model using the 

proposed distillation method. For the training stage of the teacher model, the total epoch is set as 120, 

the batch size is set as 16, and the optimizer uses the SGD algorithm, with a learning rate of 1e-3, a 

weight decay of 5e-4 and a momentum of 0.9. For the training of the student model, the total epoch 
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is set as 200 and the learning rate is 5e-4. Other settings are the same as the training of the teacher 

model. All the code in this paper is implemented using Python, with the PyTorch library for deep 

learning. All the experiments are run on a computer with an Ubuntu system, an NVIDIA GeForce 

RTX 3080 Ti GPU of 12G VRAM. 

Results and Analysis 

Feature Extractor Comparison 

The key idea of this work is fusing the regional prior information indirectly into a diagnostic 

model using the distil- lation paradigm from a direct prior-fused model. Appropriate feature 

extraction methods for both the teacher and student models is a crucial adjective. To find high-

performance feature extractors for our framework, we quantitatively compare some commonly used 

state-of-the-art pretrained visual models for breast cancer recognition in ultrasound images on the 

UDIAT and BUSI datasets, as shown in Table I. These pretrained visual models contain two groups: 

models based on Vision Transformer (ViT) and models based on Convolutional Neural Networks 

(CNNs). The ViT-based models include ViT [30] Swin-Transformer [13] and MaxViT [27], while the 

CNN- based models include Efficientb3 [25], Res50 [9] and VGG16 [23]. 

On the UDIAT datasets, the AUC of all models surpasses 94%, and the accuracy is greater than 

80%. Among the ViT models, the MaxViT model performs the best, followed by the Swin-

Transformer and the original ViT model. MaxViT shows excellent performance across various 

evaluation met- rics, particularly in terms of AUC and accuracy. Although ViT models show strong 

performance in certain metrics, among CNN models, VGG16 exhibits superior performance across 

multiple metrics. Comparatively, EfficientB3 and ResNet50 show strong performance but their 

overall perform slightly below VGG16. On the BUSI datasets, the comparative results show a similar 

tendency. Among the ViT-based methods, the MaxViT performs best again, with most of the scores 

higher than that of the other two. The CNN-based methods also show better performance than the 

ViT-based methods, among which, the VGG16 also outperforms all other methods crossing all the 

evaluation scores. 

A meaningful phenomenon is found that the CNN models overall outperform the ViT models. 

The reason may lie in the cutting strategy of the ViT series. Due to the low proportion of tumor 

regions in ultrasound images, the correlation among cut patches finitely contributes to the diagnosis. 

In contrast, trainable filter kernels of CNNs could better extract local features of tumor regions. 

From the quantitatively comparative results, the VGG16 boosts over the other models on both 

datasets, making it the feature extractor for both the teacher and student models in this work. 

Effectiveness of the Regional Prior Information 

To validate the idea of fusing the Regional Priors of tumor ROIs, we compare the performance 

of the selected backbone model with and without using the Regional Prior Fusion on the UDIAT and 

BUSI datasets as shown in Table. II. The selected Backbone model is VGG16 according to the 

comparisons of current state-of-the-art pretrained visual models. 

From the results on both datasets, after fusing the regional prior information, the performance 

of the backbone model is significantly enhanced, with nearly over 10% increase in most of the 

evaluation scores. It indicates that the tumor regions are effective prior information for the breast 

cancer diagnosis. In the following, we will use the regional prior fused model as the teacher model 

to guide the diagnostic student model. 

Ablation Study 

To evaluate the effectiveness of each part of the proposed RPF-ELD method, we conduct the 

ablation study crossing the combination of early distillation and late distillation on the UDIAT and 

BUSI datasets as shown in Table III. 

On both datasets, after distilling from the teacher model using only early distillation or late 

distillation, the performance of the backbone model is improved effectively. Furthermore, using both 

early distillation and late distillation from the teacher model, the diagnostic student model reaches 

the best performance, with all scores higher than that of the others. 
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The results demonstrate that both early distillation and late distillation help improve the 

diagnostic student model. The early distillation enhances the diagnostic student model in the visual 

context level, while the late distillation improves it in the deep representation level. So the combination 

of both strategies improves the performance significantly. 

Comparison with State-of-the-art Methods 

To legitimately validate the performance of our proposed RPF-ELD framework, we compare it 

with the current state-of- the-art ultrasound-image-based cancer diagnosis methods on the UDIAT 

and BUSI datasets, as shown in Table IV. The comparative methods contain GBCNet [2], HoverTrans 

[19] and REAF [31]. 

On the UDIAT dataset, RPF-ELD achieved the highest scores in AUC, accuracy, and specificity, 

showing significant improvements in all evaluation metrics. Similarly, on the BUSI dataset, RPF-ELD 

led in all major performance indicators. The results on both datasets indicate that the RPF-ELD overall 

outperforms the state-of-the-art cancer diagnosis methods. 

The advantage of our proposed framework is the fusion of regional prior information. The 

GBCNet uses object detection algorithms to select tumor areas first, and then analysis in the 

selected areas. This method bypasses lots of background information but the selected key regions are 

not correct abso- lutely, which may lead to mistakes. The HoverTrans considers the tissue 

characteristics of horizontal and vertical directions in the ultrasound images but lacks regional 

information. The REAF uses deep learning models to extract ROI information, which is also not 

correct completely, maybe leading the error accumulation. Compared with these methods, our 

framework fuses the real regional prior information by knowledge distil- lation methods. So the 

superior performance is reasonable. 

Ultimately, the comparative results demonstrate that the proposed framework surpasses current 

state-of-the-art cancer diagnosis methods based on ultrasound images. 

Conclusion 

In this paper, we propose an RPF-ELD framework for breast cancer diagnosis in ultrasound 

images. This framework first fuses regional prior information of ROIs with ultrasound images to train 

a prior-fused teacher model. Then, train a diagnostic model based on only the ultrasound image 

as well as fuse the prior information by the distillation from the prior-fused teacher model. Finally, 

the diagnostic model analyzes the images without prior information. Two publicly released datasets 

are used to validate our proposed framework. Experimental results demonstrate that the prior 

improves the teacher model significantly, the prior-fused feature distillation enhances the diagnostic 

model effectively, and the proposed RPF-ELD surpasses current state-of-the-art methods. 

Due to the variable proportion and uncertain position of tumor region in ultrasound images, the 

computer-aided diag- nosis of breast cancer struggles to achieve high performance. The main 

advantage of the proposed framework is combining information on tumor regions. Although previous 

studies have combined tumor region information, most of them lost capabil- ity in practical clinical settings. 

Incorporating the tumor region directly into the model will inevitably lead to the model losing its applicability, 

because the ultrasound images to be diagnosed are usually not manually labeled, that is, lack ROIs. The key to 

ensuring suitability is the help of knowledge distillation. Fusing regional prior information into the teacher 

model causes the teacher model to lose its applicability. However, the student model obtained by distillation 

uncouples the regional information, thus maintaining the applicability. Additionally, early and late distillation 

integrate regional information into the student model at different levels, further strengthening the 

performance of the student model. Therefore, the final diagnostic model can achieve good performance. 
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