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Abstract—Breast ultrasound images can be classified as
benign, malignant, and normal. Due to the imbalanced
distribution of classes in breast ultrasound images, intra-class
heterogeneity of lesions, and ultrasound artifacts like speckle
noise, classification of breast ultrasound images remains a
challenging problem. In this paper, we present MRAE, a hybrid
architecture with a DenseNet121 convolutional encoder and two
transformer encoders (ViT-Base and DeiT-Base-Distilled). These
branches are run in parallel with input sizes of 192x192 pixels,
224x224 pixels, and 256x256 pixels, respectively. The learned
feature representations from these branches are fused using a
cross-attention block and combined using learnable ensemble
weights. Focal loss with deep supervision is used during training
along with CutMix regularization, Weighted Random Sampling,
and Cosine Annealing. We perform experiments using 10-fold
stratified cross validation on the benchmark BUSI dataset (780
Images). MRAE achieves an average accuracy, macro F1-score,
and macro recall of 93.72%, 94.25%, and 95.02%, respectively,
across all cross-validation folds. The ResNet50 baseline achieves
accuracy, Fl-score, and recall of 90.64%, 91.36%, and 91.62%
across all folds. We show that MRAE has significantly lower
standard deviations across cross folds, indicating better stability.
Our method provides evidence that breast ultrasound images can
be classified accurately and reliably in a multi-resolution attention
fusion network for use in clinical breast cancer screening.

Keywords—Breast ultrasound classification; multi-resolution
learning; CNN-Transformer fusion; cross-attention ensemble;
Vision Transformer (ViT)

I.  INTRODUCTION

Breastcancerisone ofthemostcommonand deadly cancers
amongwomen. An early and accurate diagnosis of breast cancer
allows physicians to treat the patient timely which can increase
the survival rate [1]. Breast ultrasound is one of the most
commonly used techniques for diagnosis because it is readily
available, inexpensive [2], and does not use ionizing radiation
[3]. Manual interpretation of breast ultrasound images is
difficult due to their subjective nature and could vary from
observer to observer [4]. Automated classification of breast
ultrasound images using deep learning can be used as assistance
for the clinicians to avoid misclassification [5].

CNNs have achieved promising results in medical image
analysisby effectively encoding local texture and spatial context
information [6]. Recently, ViTs and their derivatives have
exhibited a complementary capability of encoding information
using self-attention to extract long-range global dependencies
[7]. However, previous methods are mostly single-model

frameworks that use a fixed-resolution input. Due to this
limitation[8], the learnedrepresentations oftenlack richness and
diversity. In addition, class imbalance is an issue not fully
addressed in prior works [9]. Since malignant and normal
findings are underrepresented compared to benign findings in
most clinical datasets, class-imbalanced leaming can result in
classifiers that are biased towards the majority class [10].

Most methods cannot fully leverage multi-scale feature
representations and also fail to sufficiently incorporate a cross-
architecture feature fusion scheme that emphasizes more robust
features [11]. In addition, they do not address class imbalance
issues presented in small-to-medium sized clinical datasets.
Furthermore, consistency of model performance across
heterogeneously partitioned data is not well explored [12].

To fill these shortcomings, we introduce MRAE (Multi-
Resolution Attention Ensemble), a mixed CNN-Transformer
model that ensembles DenseNetl121, ViT-Base, and DeiT-Base
learning at different resolutions through cross-attention layers
and learnable ensemble weights. Complemented with focal loss
with auxiliary deep supervision, CutMix augmentation, and
weighted sampling to alleviate class imbalance, MRAE attains
new state-of-the-art performancein terms ofaccuracy (93.72%),
Fl-score (94.25%), and recall (95.02%) with significantly
enhanced cross-fold consistency over the ResNet50 baseline.

II. RELATED WORK

Efforts have been made recentlyto classifybreastultrasound
images automatically. Methods such as fine-tuning pre-trained
CNN models and ensembles of CNN and Transformer models
have been explored. Kormpos et al. [13] reviewed several deep
learning models for breast tumor classification with transfer
learning on BUSI dataset. The authors used a cascaded
classification pipeline and found that vision Transformer models
that use an attention mechanism can be used as an altemative to
popular CNN models. Limitations, including model
explainability and high computational resource requirements,
remain. Architectures like InceptionV3 provide competitive
baselines but are limited by being single models operating at a
fixed input resolution.

To overcome the problem of local and global features
complementarity, Asif et al. [14] designed a feature fusion-
based deep learning model consisting of MobileNetV2 and
DenseNet121 coupled with attention mechanisms to perform
benign-malignant classification on a private clinical dataset of
2171 images, as well as the public BUSI dataset, where they

394 |Page

www.ijacsa.thesai.org



(IJACSA4)

were able to reach an AUC 0f 0.9834 on the public benchmark.
Results showed that fusion of advanced features coupled with
attention mechanisms drastically outperformed CNN single-
architecture baselines and surpassed the diagnostic performance
of radiologists with varied levels of experience. However, this
DL model is a binary classifier and does not account for the
clinicallyrelevant three-class setting that includes normal tissue.

In similar attempts to learn more explainable multi-scale
representations, Saini et al. [15] proposed a variational mode
decomposition-guided CNN architecture for breast lesion
classification in ultrasound images, using 2D-VMD [34] as a
key component to learn self-explanatory lesion-specific
boundary and texture maps to drive a mixed pooling and
attention-guided CNN model for breast ultrasound lesion
classification with comparable accuracy and intrinsic
explainability of learned features on the BUSI dataset [15].
However, this method does not make use of a transformer
backbone, which may have higher global receptive fields for
modeling long-range context. On the other hand, Yildirim et al.
[16] recently proposed a ViT-based ensemble leaming
framework for three-class breast ultrasound classification using

MRAE: Multi-Resolution Attention
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the BUSI dataset. ROIsegmentationis performed on thetraining
set images along with Albumentations-based image
augmentation before being fed into multiple transformer
backbones that are ensembled by simple averaging to boost
performance. The authors show that ensembling yields better
classification performance with higher accuracy, precision, and
recall than individual transformers. However, this method still
doesnotleveragemulti-resolutioninputor cross-attention CNN-
transformer fusion schemes and does not explicitly deal with
class imbalance via loss-weighting.

III. PROPOSED METHODOLOGY

In this section, we will introduceall the details of ourMRAE
framework, including the dataset, preprocessing pipeline, our
proposed model and training strategy. Each step is carefully
designed to tackle one of the aforementioned challenges,
including class imbalance problem, lack of multi-resolution
learning and lack of cross-architecture feature fusion for breast
ultrasound classification. The methodology has been visualized
in Fig. 1.

BUSI Dataset (780 Images)

M1I|gnam Normal

Branch 1 - CNN Branch

Input Dataset
| Input: 192x192

Benign

DenseNet121

m Parallel Multi-Branch Feature Learning

Branch 2 - ViT Branch
Input: 224x224
e

ViT-Base / Patch16

Ensemble with Hybrid CNN-Transformer Fusion

Training Strategy

Loss Function

Focal Loss

(a-balanced + y focusing)
+ Label Smoothing

Branch 3 - DeiT Branch
Input: 256 x 256

DeiT-Base-Distilled / Patch16 Class Imbalance Handling

) (Pretrained) (Pretrained) (Pretrained) 515 Weighted Random Sampling
~r U P = i - : (Per-class sampling)
ROI Extraction & Preprocessin, ¥ — I
(sicp 2] e LIE NS -0 0000 | || &-08- 60
Bounding Box L
Ground-truth Mask 5% Paddi ROI Crop
(S g) Global Average Pooling CLS Token (768-d) CLS Token (768-d) . Data Augmetiation
1024-d Feature Vector Feature Vector Feature Vector % S
S+ CutMix Regularization
o900 00 - @ @ ® e e 0 ®e |®o® ® ® L
| >
ps CBAM Attention CBAM Attention CBAM Attention Optimizer
rayscale Nomnhzahon ! A
Channel spatial (1} Channel spatial |1} Channel Spatial
* Attention > @ | Attention H. attention > & | Attention [TE: Attention > & Attention 11 (Weight Decay Decoupiing)
Ser k¥ Data Augmentation (Training Only) | 2 2 ¥
l Linear Projection Linear Projection Linear Projection Learning Rate Scheduler
parey 1[‘ O E'—,q O 1024 — 512 768 — 512 768 — 512 B. Cosine Annealing
- - e000e 00 eo0eo 00 eeee - 00 Lo Were
Horizontal Vertical Rotation Affine Color
Fiip Flip Transform  Jitter 512-d 512-d 512-d
Training Stabilization
‘ D @E Step 6 Cross-Resolution Fusion via Cross-Attention Block (CAB) @ « Gradient Clipping
Gaussian CutMix Query Key / Value Mutti-Head Fused Representation * AMP / FP16 Mixed Precision
Blur :usmg (ViT Features) (CNN Features) @ | (512-d) * Gradient Accumulation
_ sk | > Nk .. > ross-Attention | _y,
‘ J CHB] N3 (4 Heads) ececeoce
5 Evaluation Protocol
Mum Resolution Generation I §-Fold Stratified
| Step 7 ! Multi-Output Classification Heads it il e aden
Generate Three Resolutions « Test-Time Augmentation (TTA)
CNN Head VIiT Head DeiT Head Fusion Head
& FC Layer FC Layer FC Layer FC Layer
> 3-class Logits. 3-class Logits 3-class Logits 3-class Logits
Data / Preprocessing
® & o ® o o ® & o @ @ o
; Multi-Branch Learning
192%192 224x224 256%256 A ¥ + ¥ + ~d ot Waie
(CNN Branch)  (ViT Branch) (DeiT Branch) p e = UBIOn Moo
Step 8 @ Final Prediction (3 Classes) Classification & Ensemble
— Learnable Weights (Softmax Normalized)
i —> - S N ; Training Strategy
w, + w; + [ W + [ w ‘ e(r‘;)gn al ﬁnant o(rzr)na
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CBAM = Convolutional Block Attention Module, CAB = Cross-Attention Block, FC = Fully Connected, TTA = Test-Time Augmentation.

Fig. 1. Flowchart for

A. Dataset

We use the Breast Ultrasound Images (BUSI) dataset which
is a commonly used public benchmark for breast lesion
classification and segmentation tasks [17]. The dataset consists
of 780 grayscale ultrasound scans of breasts acquired from 600
female patients. The images are categorized into three classes:

the proposed methodology.

benign (437 images, 56.0%), malignant (210 images, 26.9%)
[18] and normal (133 images, 17.1%). Each scan has one or
more pixel-wise segmentation masks provided which mark the
region occupied by lesion/s. The dataset, therefore contains
precise ground-truth segmentation masks suitable for supervised
training. Images with more than one mask represent overlapping
lesions acquired from the same scan. In 18 benign cases, there
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are multiple masks. In addition, the width and height of images
also varydueto natural variation of ultrasound scans. All images
are resized to the longest side of 916 pixels and saved as RGB
images. Width of the images varies from 323 pixelsto 916
pixels. Heightofthe images varies from 393 pixelsto 716 pixels.
The BUSI dataset has a high-class imbalance with benign
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are then normalized (mean = 0.5, std = 0.5) for each channel. At
validation and inference time, no augmentations were used
besides resizing and normalization. We used Weighted Random
Sampler for training to ensure that classes are proportionally
sampled for every mini-batch, as shown in Table II.

category havingover halfthe data. Thereare three times as many TABLEIL.  PREPROCESSING PIPELINE SUMMARY
benign cases than normal cases (the least prevalent class). Class - Overai . . oolicd T
imbalance is problematic since most classification models are °p peration arameters | Appiec 7o
biased towards the majority classes. In medical applications like ROl Extraction | Boundingbox from | 5% bufferon f/[e;;g”am &
this where the negative classes (malignant and normal) are very segmentation mask | each side Onlygn
important, class imbalance can lead to low sensitivity for these i Elomentowise .
categories. Therefore, overcoming class imbalance was one of Multi-mask maximum of all | — Multi-lesion
. . . . . Merging cases only
the design considerations while developing our proposed masks
framework. We mitigate this problem by using weighted gesmh — NN Bilincar resizing 192x 192 px | All images
sampling during training. We also employ focal loss as our loss RZ"IZCG VT
function as it performs well on unbalanced datasets, as shown in Branch Bilinear resizing 224x 224px | All images
Table 1[19]. Resize — DeiTl
Branch Bilinear resizing 256 x 256 px | All images
TABLEL BUSI DATASET SUMMARY Horizontal Flip Random flip p=05 Training only
Category Nl;'g::;zs“f Percentage Annotation Type Vertical Flip Random flip p=0.5 Training only
. . . £20° (p = .
Benign 437 56.0% felngrll-;i\t/ziion .. Random Rotation | Rotation 0.5) Training only
- . Gaussian noise or _ ..
Malignant 210 26.9% felxgrerll-elt:l\tlzlion sk Noise / Blur blur p=03 Training only
- N lizati Mean & Std | Mean = 0.5, | Training &
Normal 133 17.1% No mask (no lesion) ormalization normalization Std=0.5 Validation
Total 780 100% — Welght-ed Inverse-frequency Per-class Training only
Sampling class weights
Patients 600 — —
Female patients C. MRAE Model Architecture
only o B o
Image Width Grayscale (stored as TABLEIII. MRAE ARCHITECTURE COMPONENTS
Range 323-916px | — RGB)
- Input Output .
1 Height Gi le (stored
Ranee T | 393-T16px | — RGB) (stored as Component | Packbone " | Resoluti | Dimensi Fretraine
Multi-mask . Multiple lesions per on on
18 (b 2.3%
Cases (benign) ’ scan CNN Branch | DenseNetl121 }1)22 192 1024-d ImageNet
B. Preprocessing and Data Preparation ViT Branch I\Ii{-gla(fe 1| 224%224 | ooy ImageNet
. . . o atc px
Input images are preprocessed using a multi-step pipeline DeiT-Baso-
beforestandardizationand feeding them into themodel. The aim DeiT Branch | Distilled / 2)5(6 X236 | 768.4 ImageNet
is to present the model with data that ensures comparability and Patchl6 P
clinical meaqingfulqess of features. Benign gnd malignant scans SNN t, Linear layer 1024-d 512-d _
undergo region-of-interest (ROI) extraction based on their Vri‘%Jec on
segmentation mask [20]. The bounding box is calculated based Projection Linear layer 768-d 512-d —
on each lesion's mask and expanded by 5% to include DeiT ‘
surrounding tissue. This allowed us to decrease background Projection Linear layer 768-d 512d -
noise while maintaining clinically relevant perilesional Cross- Multi-head ViT (Q),
information. Normal scans arenotannotated with any lesionand Attention attention (4 | CNN (K, | 512 -
therefore are not cropped. In cases where multiple masks were ﬁk’?é( — k}leatds) - Y)
present for one image, all masks were combined using element- . ost-atention 512-d 512-d —
. . R . ayerNorm normalization
wise maximum to generate a lesion mask that contains all Chssificatio | Linear (<3, one | < num_clas
lesions. Then, images undergo resizing to three different n Heads per branch) i ses =3 —
resolutions at once: 192 x 192 pixels for the CNN branch, 224 x Ensemble Leamable Final
224 pixels for the ViT branchand 256 x 256 pixels for the DeiT Fusion softmax weights | 3 x logits | predictio | —
branch [21,22]. This allows each branch of the network to g“i\lwtzs’owz) — n
extract slightly different features based on varied resolutions. Baseline Do 0+ | 224%224 | num clas |
.. . . . A ResNet50) ‘ropout( 3) N ses =3 mageNet
Training augmentation is then applied individually per (Res Lincar p

resolution with random horizontal and vertical flip (probability,
p = 0.5), random rotation (£20°,p = 0.5), and finally random
application of Gaussian noise or Gaussian blur (p=0.3). Images

Table II depicts an overview of our suggested MRAE
architecture, which consists of threebranches with varying input
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resolutions. These branches are complementary and are fused
together using cross attention and learnable ensemble weights.
The CNN branch consists of a pretrained DenseNet121 model
used as a convolutional backbone with the classifier head
removed and replaced with an identity layer. Features from the
final dense block are taken after adaptive average pooling is
applied, forminga 1024-dim embedding from a 192x192 input.
The vision transformer branch utilizes a pretrained ViT-
Base/Patch16 model. This givesa 768-dim class embedding of
a 224x224 sized input. Lastly, our third branch features a
pretrained DeiT-Base-Distilled/Patch16 transformer with
flexible image sizes enabled. This forms our 768-dim feature
vector from a 256%256 input. Since each ViT-B/16 backbone
contains approximately 86 million trainable parameters, the
complete MRAE model contains approximately 260 million
trainable parameters in total, making it substantially larger than
conventional CNN-based architectures while enabling richer
multi-resolution feature learning.

Embedding space using three linear projection layers. The
Cross Attention Block (CAB) then attends to the convolutional
features from the CNN branch using the projected ViT features
as a query, with the CNN projected features used as a key and
value. This operation consists of a four-head multi-head
attention module followed by a residual connection and Layer
Normalization. This allows the transformer model to attend to
spatially relevant features from the convolutional branch. The
three branches each have their own classification head that
provides individual class logits. The ensemble prediction is then
made by taking a softmax over the weighted sum of the three
branches. These weights are learnableand initialized to be equal,
and trained end-to-end with the rest of the network. The
192x192,224%224 and 256x256 inputs are chosen so that the
image representations learned at each scale provide a
complementary, multi-scale view of the US imagery. The
featureslearned at lower resolutions force the model to represent
the information contained in small regions of the image (local
textures, speckle distribution, edges of lesions). In contrast,
representations learned at higher resolutions help the model
retain contextual information about the larger-scale structures
and the spatial relationships between them. Features learned at
224x224 resolution fall naturally in between those learned at
192x192 and 256%256 resolution. DenseNet121 provides the
best ability to extract local texture features with limited data by
takingadvantageofits highlyredundant featurereuse. ViT-Base
is able to learn global image dependencies since self-attention is
able to model global dependencies (something CNNs are not
able to do). Finally, DeiT-Base-Distilled allows for more data-
efficient learning and a more stable training process. Its inherent
knowledge distillation strategy allows it to better generalize to
smaller datasets like BUSL

D. Training Procedure and Evaluation Protocol

The MRAE model was optimized with a cross-entropy loss,
also known as Focal Loss, with class-balancing weights [1.0,
2.0, 1.0] for the benign, malignant, and normal classes,
respectively, and focal loss hyperparameter gamma of 2.0.
Classification loss contributions from each individual branch,
known as auxiliary loss terms, were added to the ensemble
objective. Total loss during training was a combination of the
ensemble focal loss plus 0.3 times each branch-level loss. These
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auxiliary losses apply deep supervision to ensure each branch
learns independent discriminative features. Training employed
CutMix augmentation with alpha=1.0 and probability p=0.5.
Mixed pairs of training samples and their labels were linearly
interpolated with a mixing coefficient sampled from Beta(1,1)
and appliedidenticallyto all3 resolutions. AdamW optimization
was performed with a learning rate of 2x107%, weight decay of
1x107%, cosine learning rate scheduling across 50 epochs.
Gradient accumulation over 4 steps was used to reach an
effective batch size of 16 (with a physical batch size of 4), as
shown in Table IV.

TABLEIV. TRAINING CONFIGURATION AND EVALUATION PROTOCOL
Setting MRAE Baseline (ResNet50)
Optimizer AdamW AdamW
Leaming Rate 2x10* 1x10*
Weight Decay 1x10* 1x10*
Cosine Annealing | Cosine Annealing (T_max =
LR Scheduler (T _max = 50) 15)
Max Epochs 50 15
Early Stopping
Patience 8 epochs 4 epochs
Physmal Batch 4 4
Size
Effective  Batch 16 . “ .
Size accumulation 16 (4 accumulation steps)
steps)
Mixed Precision AMP / FP16 AMP / FP16
Loss Function gooc)al Loss (v = FocalLoss (y =2.0)
Class Weights (a) | [1.0,2.0,1.0] [1.0,2.0,1.0]
Auxiliary Branch | 0.3 x (CNN + ViT .
Loss + DeiT losses) Not applicable
CutMix _ .
Augmentation p=10.5,Beta(l,1) Not applied
igi +
Test-Time Ongmal . Original + horizontal flip
Augmentation horizontal flip (averaged)
(averaged)
Evaluation 10-fold Stratified | 10-fold  Stratified  Cross-
Protocol Cross-Validation Validation
Primary Metrics Accuracy, Macwo | Accuracy, Macro F1, Macmwo
Y F1, Macro Recall Recall
Best Model | Highest validation . o
Selection F1 per fold Highest validation F1 per fold

Automatic Mixed Precision training was used. Early
stopping with patience of 8 epochs was used to restore the
checkpoint with the best validation F1 score. Test-time
augmentation averaged the predictions between the original
image and the horizontal flip. Training was performed with 10-
fold Stratified Cross-Validation. Accuracy, macro-averaged F1-
score, and macro-averaged recall are reported as mean +
standard deviation across folds.

IV. RESULTS AND DISCUSSION

We report the quantitative experimental results of our
proposed MRAE framework against the baseline ResNet50
using 10-fold stratified cross validation in this section. Results
are discussed in terms of Accuracy, Macro F1-score, and Macro
recall metrics. We also provide results in terms of per fold
comparison, distributions, and stability for better understanding.
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A. Dataset Class Distribution Analysis

The BUSI dataset consists of a total of 780 images, out of
which Fig. 2 shows the ratio of Normal, Benign, and Malignant
cases, respectively. In order of frequency from highest to lowest
they are comprisedof: 437 images of Benigncases (56.0%),210
images of Malignant cases (26.9%), and finally 133 images of
Normal cases (17.1%). The dataset is unbalanced by design to
mimic a similardistribution to how lesions present themselves
during clinical breast ultrasound screening with benign
pathologies being significantly more common than malignant
findings or normal anatomy.

BUSI Dataset — Class Distribution

500 q

437
(56.0%)

400 q

210
(26.9%)

Number of Images

100 4

Benign Malignant Normal
Class

Fig. 2. BUSI dataset class distribution by category.

It should be noted that the scale of imbalance between
majority and minority classes in the BUSI dataset, with benign
and normal cases, respectively, is roughly 3.3 to 1. This ratio is
enough to cause severe training bias towards the majority class
if special considerations are not taken. For instance, training a
model on imbalanced data will likely lead to very high accuracy
due to simply predicting the majority class; however, the recall
for both Malignant and Normal classes would be significantly
lower. This would be devastating for cancer detection models as
we would miss opportunities to correctly identify patients with
cancer which would lead to mortality.

This is why MRAE uses a Weighted Random Sampler for
loading batches of data that are balanced with respect to class
duringtrainingand employs Focal Loss with a high-class weight
of 2.0 for the Malignant class. These interventions allow for
gradient contributions from images of minority classes to be
boosted during model training which we can see payoff when
looking at the macro-average recall of 95.02%.

B. Per-Fold Accuracy Analysis

The classification accuracy on each fold of the ten stratified
cross-validations of the ResNet50 baseline and the proposed
MRAE model is shown in Fig. 3. In most cases, MRAE
performs better or equivalent to the baseline and the difference
between the models can be visualized by the area between their
respective curves favoring MRAE for most of the ten folds.
MRAE’s highest accuracy is achieved in Fold 3 with an
accuracy of =0.990. In this fold, the baseline drops to 0.923
which is one of the largest differences between the models in a
single fold. Other large improvements by MRAE can be seen in
Folds 1,2, 6, and 8. In each of these folds the baseline accuracy
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decreases significantly, most notably in Fold 6 to ~0.822, where
MRAE does notdecrease as much and hovers around 0.923.

Per-Fold Accuracy — Baseline vs. MRAE
095 v/\ K

Fold

—e— Baseline (ResNet50)
MRAE (Proposed)

Accuracy
o
&
E

o
=
&

Fig. 3. Per-Fold Accuracy: Baseline vs. MRAE.

This gives MRAE a rebound of over 0.1. The lowest
accuracy achieved by each model is in Fold 8 with MRAE
~0.872 and the baseline ~0.834. Again, MRAE does not
decrease as much as the baseline. The models are roughly equal
in Folds 4 and 7 with the baseline outperforming MRAE for a
very short interval. In these folds, they each achieve some of
their highest accuracies which could be due to them containing
samples that are more uniformly distributed among the classes
or are easily distinguishable from other classes allowing the
baseline model to achieve similar performance to MRAE.
However, this is not the case for majority of folds. On average,
MRAE achieved an accuracy of 93.72% while the baseline
model achieved 90.64%.

C. Per-Fold Macro F1-Score Analysis

Fig. 4 shows howResNet50and our MRAE performon each
of the ten stratified folds, in terms of their per-fold macro-
average F1-score. The macro averaged F1-score is chosen here
instead of accuracy due to the imbalance in the dataset (BUSI).
This metric computes the F1-score for each class individually,
and then takes the average. These scores favor models that
generalize better to each class individually as opposed to simply
predicting the majority class. Since the dataset is skewed
towards normal (80%), research (10%) and pathologic (10%)
classes, we feltthatusingmacroaveraged F1-score would be the
best indicator of performance on unseen data as would be
expected in a clinical setting.

Per-Fold F1-Score — Baseline vs. MRAE

—&— Baseline (ResNet50)
0.95 \

MRAE (Proposed)
0.90

Macro F1-Score

0.85

0.80

1 H 3 4 5 6 7 8 9 10
Fold

Fig. 4. Per-Fold Macro F1-Score: Baseline vs. MRAE.
As can be seenin Fig. 4, MRAE outperforms the baseline in
most folds. It can be seen that there is a significant positive

difference between the two curves (visualized by the difference
between the lines and the shaded region between them). For
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example, for Fold 3 MRAE is able to achieve a macro F1-score
0f'~0.990 whereas the baseline is only able to achieve = 0.930.

Whereas Fold 6 is the lowest that the baseline performed,
with a macro Fl-score of = 0.834. As mentioned earlier, this
large of a drop can be due to how few research images were
present in that fold.

However, we can see that our model was able to maintain a
higher macro Fl-score of = 0.933,a = 10 percentage point
recovery. Additionally, in Folds 1, 2, and 9, we are able to see
this large difference between MRAE and the baseline, with
MRAE exceeding by ~0.03 to 0.06. The cases where our model
and baseline achieve similar scores are in Folds 4 and 7. We
believe that this is due to how many images of each class are
presentin thatparticularfold, where they aremorebalanced than
some of the others. In this case, the baseline is able to perform
on par with our model. The lowest that our model scored was in
fold 8 with a macro F1-score of = 0.878, while the baseline
scored~0.855. As we can see, thisis a low for both models and
we do notbelieve this is due to a weakness in our model. We
average a macro F1-score of 94.25% compared to 91.36% for
the baseline.

D. Per-Fold Macro Recall Analysis

In Fig. 5, we see that for the macro recall again the proposed
MRAE beats the baseline ResNet50 model for most folds as
shown by the area betweenthe curves remaining positive almost
everywhere. Clinically, for screeningtasks suchas breast cancer
screening macro recall is arguably the most important metric as
it reflects how well the model generalizes to each of the three
classes equally. Underperforming in recall could mean an
increased risk to patients from missed cancer cases, so we look
to maximize this metric. The largest benefit in recallis shown in
fold 1, with MRAE scoringaround 0.972 versus around 0.914
for baseline. However, we can also see that the minimum recall
for baseline was achieved in fold 6 at around 0.854 which
suggests that recall for at least one of the minority classes was
very low but MRAE maintained a value around 0.938. Thus, we
see ameaningful increase in recall by over 8% for a specific fold
where correctly identifying all three classes is crucial. Fold 3
also shows high performance by MRAE at around 0.994 versus
around 0.930 for the baseline.

Per-Fold Recall — Baseline vs. MRAE

A A

—&— Baseline (ResNet50)

1.00 MRAE (Proposed)

=
@
&

Macro Recall
e
o
8

0.85

1 H 3 4 5 [ 7 [ 9 10
Fold

Fig. 5. Per-Fold Macro Recall: Baseline vs. MRAE.

Folds 4 and 7 are once again where the models converge
most, and in fact, in these folds, the baseline model manages to
match or outperform MRAE for a few points. Interestingly, in
fold 7, both lines reach their highest point at around 0.970. As
we have seen with previous plots, we can infer that the
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distribution of validation data is most consistent between the
training data for these folds. Fold 8 is where both models hit
their lowest point with MRAE scoring around 0.889 and
baseline scoring its second lowest score of around 0.867. Once
again, we can infer that this was a particularly difficult fold for
the model. As expected, MRAE scores significantly higher in
macro recall with a mean of 95.02% versus 91.62%.

E. Mean and Standard Deviation Analysis Across all Metrics

In Fig. 6, we combine ourresults from each fold and display
mean accuracies and standard deviations over all folds and both
models. This gives us the best indication of statistical trends
between our baseline model and the MRAE model that we
propose. Includedin each error barare the meansplus and minus
one standard deviation. Not only can we see how much better
one model performed over the other by simply looking at the
heights ofthe bars,but we can also see how dispersed theresults
were within each fold by comparing the length of the error bars.
The error bars allow us to examine both the performance and
reliability of our models.

Mean = Std over 10 Folds — All Metrics

mmm Baseline (ResNet50)
MRAE (Proposed)

1.000

0.975

0.9p25
0.950 0.9p72
0.9)62
0.9)36
0925 0.9p64
¢
[«]
54
% 0.900
0.875
0.850
0.825

Accuracy F1-Scare Recall

09502

Fig. 6. Mean + Std of all metrics over 10 folds.

From Fig. 6, we can see that for every metric, MRAE had a
higher mean score. The difference between the means for
accuracy was 0.0308. With a mean of 0.9372 for MRAE and
0.9064 for baseline. For F1-score, MRAE had a mean 0£0.9425
while the baseline had a mean 0f 0.9136. This is a difference of
0.0289. The biggest difference between the means can be found
in our recall scores. MRAE had a mean score 0 0.9502, while
the baselinehadamean 0f0.9162. This is a difference of0.0340.
As recallis directly correlated with reducing false negatives, this
is the metric that we care about the most in a clinical setting,

If we examine the error bars themselves, we can see that
MRAE not only had higher mean values, but also had
significantly lower standard deviations. Each of baseline’s error
bars are much longer than MRAE’s. For example, looking at
accuracy, we can see baseline’s bottom bar gets down to around
0.855. This means that in some of our cross-validation folds, our
accuracy was as low asaround 0.855. This is unacceptable if we
want to use our model in a clinical setting. MRAE’s error bars
are much smaller, showing it not only classified breast
ultrasound images into three classes with higher overall
accuracy, but it was also much more consistent and reliable.

F. Score Distribution Analysis Across all Folds

Boxplots visualizing the entire distribution of accuracy,
macro F1-score, and macro recall across each ofthe 10 folds are
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shown in Fig. 7 for both models. Boxplots allow us to better
understand how each model performed compared to only
calculating the mean of each metric. Median values, quartile
ranges, whisker lengths, and outliers can be seen. Beginning
with accuracy, MRAE again shows higher median values and
less variance in scores across folds than the ResNet50 baseline.
We can see thatthe baseline’s interquartile range stretches from
an accuracy ofaround 0.884 to an accuracy of around 0.940, but
its whisker extends down to around 0.822, showing there is
significant variability in scores between folds. Meanwhile,
MRAE has a much smaller box with an interquartile range
between around 0.925 and 0.960 and a median around 0.934. Its
whisker does not go down past around 0.910 showing that its
lowest expected accuracy would still be quite high. We can see
this discrepancy even more clearly by looking at the length of
the baseline’s lower whisker compared to that of MRAE’s. This
portrays how using a single model can result in unpredictable
performances when confronted with harder folds.

Score Distribution Across 10 Folds

" et

mmm Baseline (ResNet50)
MPRAE (Proposed)

Accuracy F1-Score Recall

Fig. 7. Score distribution across 10 cross-validation folds.

Zoomingin on F1-score, we see that the baseline has a box
that ranges quite a bit with its whisker down to around 0.834.
Meanwhile, MRAE has a much smaller box and does not go
below around 0.875. There is also an outlier point beneath
MRAE’s box at around 0.876. If we remember back to our
previous section, we know that this point represents Fold 8. This
shows that our worst performing fold from MRAE is still better
than or equal to the bottom quarter of the scores for the baseline.
Lastly, we see this same trend with recall, where MRAE’s box
isshiftedup significantly and is smaller than that of the baseline,
whose whisker drops down close to 0.854.

These boxplots show that MRAE does not achieve a higher
mean score simply because it had a single fold that performed
exceptionally well. Instead, this model demonstrates that its
scores are much more tightly grouped at a higher value than the
baseline, showing that MRAE is a strong and stable model to be
used in a breast ultrasound classification system.

G. Per-Fold Improvement Delta Analysis

Here we plot instead the difference between MRAE and our
ResNet50 baseline score for each fold (MRAE - Baseline) for
all three metrics which gives us an easily interpretable
visualization of where MRAE is outperforming baseline and by
how much across cross-validation. The red dashed line
represents 0 difference. Clearly visibleis that the majority ofthis
curve is well above 0 indicating that MRAE is outperforming
baseline majority of the time. We can see that our maximum
improvement over baseline was on Fold 6 with a difference of ~
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+0.102 inaccuracy,~+0.096 in F1-score and ~+0.085 in recall.
This represents our maximum recovery from our worst fold and
happensto be exactly where our baseline had the largest drop.
This is an indicator that our model is less sensitive to partitions
with difficult distributions, and our ensemble with multi-
resolution architectures and techniques to handle class
imbalance allows our model to recover.

Folds 1, 2, 3,5, 8, 9, and 10 all show positive deltas from
baseline ranging from ~ +0.023 to ~ +0.065. Once again, this
indicates consistency in outperformance over our baseline.
Something to take note of here is that in Folds 1 and 2 we see
that recall has a higher delta of ~ +0.057 when compared to
accuracy. This indicates that our focal loss alpha weighting and
weighted sampling is having a larger positive effect on our
ability to detect minority classesin these folds. Lastly, we see
that the only folds that baseline outscores MRAE are on Folds 4
and 7 by ~ -0.038 and ~ -0.016, respectively. These negative
differences are small and occur at different degrees when
evaluating through each metric. Recall and F1-score on Fold 7
are bothrightaround 0. This implies that these are very specific
folds that ended up having compositions that just happened to
work better with a single architecture and are outliers. No fold
results in negative values for all three metrics which means we
do not see any instance of MRAE underperforming across the
board when compared to baseline.

H. Radar Chart — Holistic Metric Profile Analysis

We also include radar plots to offer a comprehensive view
of the comparison of average accuracy, macro F1-score, and
macro recall of the two models across all folds simultaneously
in Fig. 8. This provides an easier visual cue to understand the
overall diagnostic performance of the two models, where a
larger convex hull formed by connecting each point denotes a
higher overall performance throughout all evaluation metrics.
Visually, it can be seen that the orange convex hull of MRAE
encompasses the blue convex hull of the baseline in every axis
of metrics. Quantitatively, we can see that not only is MRAE
consistently higher than the baseline in all categories (accuracy,
Fl-score, recall) across Tables I and II, but also achieves a
significant lead in these three metrics, where the biggest
difference can be seen in average recall. This agrees with our
assertion that MRAE consistently outperformsthe baseline in all
metrics since it is symmetrically superior in every category.

Improvement of MRAE over Baseline per Fold

—— Accuracy
—=— Fl-Score
—+— Racall

Score Difference (MRAE — Baseline}

5
Fold

Fig. 8. MRAE Improvement delta over baseline per fold.

Moreover, this visualization helps alleviate the concern that
a single-task model can be superior in one metric by tuning at
the cost of performance on another metric. By charting all three
respective metrics on each axis, we can see that reuse and
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efficient gradient flow directly correlate with our
implementation of components such as multiresolution feature
extraction and fusion with cross attention, focal loss with
auxiliary branch supervision, and weighted sampling
Additionally, when we look at eachaxis individually, we can see
that MRAE achievesthe greatest visual distance on the accuracy
axis with a point at around 0.937 compared to the baseline’s
0.906. Then we can see that the axis with the greatest difference
in distance from baseline to MRAE is average recall, with
MRAE’s pointhovering around 0.950 and the baseline’s around
0.916. Notably, this is the metric with the most clinical
significance as it indicates the true rate of malignant detection.

Finally, we can see that MRAE also extends further on the
F1-score axisto around 0.943 compared to the baseline’s 0.914.
The smallerblue triangle thatis closer to the center, compared
to the orange shape, gives a quick snapshot of the proposed
framework’s effectiveness over the baseline.

1. Cross-Fold Stability Analysis

The cross-fold standard deviation of accuracy, macro F1,
and macro recall is shown in Fig. 9. Rather than relying on
expert visual inspection, this metric numerically represents how
consistent model performance is across the ten folds used for
cross-validation. Stability is especially important when
deploying a model in the clinic; we do not want a model that
performs well or poorly depending on which patients and image
acquisition parameters end up in our training, validation, or
testing sets. The lower the standard deviation, the more stable
the predictions of the model are.

Radar Chart — Mean Metrics (10-Fo| = Baseline (ResNet50)
——— MRAE (Proposed)

Fig.9. Radar chart of mean metrics over 10-fold CV.

As shown in Fig. 10, MRAE vastly outperforms the baseline
in stability for every metric. Starting with accuracy, the standard
deviation for the baseline was 0.0503 and for MRAE was
0.0316. This is a difference of roughly 37.2% and indicates that
the baseline has worse stability overall. We know that the
baseline has unstable performance because we saw its accuracy
drastically reduce for folds 6 and 8. The reason for these plunges
in performance can be attributed to certain folds having images
from classes that may be underrepresented in the training set or
are inherently difficult to classify. However, MRAE suffers far
less from this issue because it has three branches that can leam
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to represent the data instead of one branch shouldering all the
responsibility.

Cross-Fold Stability — Standard Deviation of Scores
0.0503
== Baseline (ResNet50}

MRAE (Proposed)

0.05

0.0454

0.0410
0.04
0.0316
0.0296
0.03 0.0273
0.02
0.01
— S—

0.00
Accuracy F1-Score Recall

Standard Deviation

Fig. 10. Cross-fold stability: Standard deviation of scores.

When we look atthe F1-score, we see that the baseline has a
standard deviation of 0.0454 and MRAE has 0.0296. This is
approximately a 34.8% decrease in standard deviation. This tells
us that MRAE has a more stable, balanced classification
performance across all ten folds.

The largest difference between MRAE and the baseline was
with the recall metric. The baseline had a standard deviation of
0.0410 and MRAE had 0.0273. These numbers show us that
MRAE has approximately 33.4% better stability. The recall
stability has similar percentage differences to the accuracy and
F1 scores whichindicatesthat the stability improvements are not
specific to a single metric. Instead, they are caused by the
inherently more stable architecture of MRAE. Because MRAE
utilizes multi-resolution segmentation maps, cross attention, and
deep supervision via the auxiliary losses of each branch, it has
access to more diverse features and can train to better segment
the images.

J. Cumulative Best F1-Score Analysis

In Fig. 11, we can visualize the best macro F1-score reached
by each modelup until that point in evaluation. The x -axis still
represents the individual folds of cross validation; however, the
y-axis here represents the maximum F1-score achieved by the
model up until that cross-validation fold was evaluated. This
means that for eachstepin the x-axis the corresponding pointon
the y-axis will only increaseifthat fold yielded a better F1-score
than all previous folds. Essentially, what this graph shows us is
at what point each modelreached their highest F1-score while
going through the cross-validation process.

Cumulative Best F1-Score Across Folds

—— Baseline (ResNet50)
MRAE {Proposed)

a2

@
I
a

0.96

0.92

Best F1-Score Achieved So Far
= e
2 2

0.88

Fold

Fig. 11. Cumulative best F1-score achieved across folds.
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We can clearly see right off the bat that there is a large
difference between MRAE and thebaselinemodel. Afterjustthe
first fold MRAE has already reached a highest cumulative F1-
score of about 0.955, which is where it will stay until it beats
that score later on. Meanwhile the baseline’s cumulative highest
F1-scorestartsatabout 0.926 whichis about 3 percentage points
lower than MRAE. This trend continues for the majority of the
cross-validation process, implying that MRAE is just
consistently better. Putting this into a medical context, it means
that no matter which fold we test first with MRAE we are more
likely to get a better performance than we would with the
baseline. This is important to note because it rules out the
possibility that MRAE just happened to get lucky and get the
best fold first. MRAE maxes out at Fold 3 when its cumulative
bestisraised to about 0.989, whereit will remain at this constant
value for the rest of the graph. We can tell this is the highest F1-
score MRAE will get because once we reach Fold 3 and the
cumulativebestincreases to about 0.989, the graph just becomes
a flat line all way to Fold 10. For the baseline it doesn’t update
until Fold4 when it raises to about 0.976, and then updates once
more at Fold 7. Like with MRAE, once the cumulative best
value is raised to about 0.976 it does not change for the rest of
the graph. Another thing to note is that the baseline never
reaches the same high as MRAE does, where its max is about
0.976 versus MRAE’s of about 0.989. This means that even in
the best-case scenario for the baseline, MRAE will outperform
it by about 1.3 percentage points. Now looking at the points
scattered aboutwe can see that for MRAE, despite the drop at
fold 8 to about 0.876,none of these F1-scores ever exceed its
cumulative best. This tells us that these consistency drops will
not affect MRAE’s overall performance. The same can be
applied for the baseline after Fold 4. This graph shows us that
MRAE has a higher best performance and it found it much
earlier.

K. Comparison with Related Work

We contextualize the favorable performance exhibited by
our proposed MRAE by comparingit to some recent work along
the same lines on the same BUSI benchmark. Kormpos et al.
[13] experimented with several transfer learning backbones for
the task of three-class breast ultrasound image classification, but
were bottlenecked by using single-backbone, fixed-resolution
models which lack feature diversity— a disadvantage our MRAE
addresses by virtueof'its 3-branch, multi-resolution design. Asif
etal.[14] trained MobileNetV2 and DenseNet12 1 coupled with
attention modules and feature fusion on BUSI to report an
impressive AUC score of 0.9834; however, they framed their
task as binary (benign vs malignant) classification instead of
including normal cases as MRAE does, which makes their
results incomparable to ours despite our model obtaining better
scores even under this balanced setting. Saini et al. [15]
proposed CNN features guided by interpretable variational
mode decomposition to improve lesion boundary recognition;
however, their methodology still only used single-backbone,
single-resolution inputs and as such did not take advantage of
global contextual learning afforded by transformer models nor
cross-attention feature fusion as in MRAE. Finally, Yildirm et
al. [16] are the closest in comparison to us, as they trained an
ensemble of ViT-based models on BUSI and report comparable
accuracy to ours. The differences in our work arethat theirs does
nottake advantage of multi-resolution inputs, does not explicitly
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apply a cross-attention fusion of features between architectures,
and does notapply any form of imbalance-focused loss function
such as focal loss, resultingin MRAE achieving higher and more
robust performance, as shown in Table V.

TABLE V. COMPARISON WITH RELATED WORK
Mean
Study Architecture Classes Mean F1- Mean
Accuracy Recall
Score
Kormpos Transfer
etal.[13] | LeamingCNN | 3 ~0.910 | ~0.895 1 ~0.900
. MobileNetV2
Alsf etal | 2 0924 | ~0918 | ~0.921
[14] DenseNet121
Saini et al. [ VMD-guided
[15] CNN 2 ~0912 ~0.906 [ ~0.908
;(111?1‘2]“ ' | ViT Ensemble | 3 ~0.931 ~0.924 | ~0.928
CNN + ViT +
MRAE DeiT + Cross- | 3 09372 | 0.9425 | 0.9502
(Proposed) .
Attention

V. CONCLUSION

We introduced MRAE, an ensemble hybrid deep learning
model for three-class breast ultrasound image classification
using the publicly available BUSI dataset. Contributions of this
architecture include: 1) We proposea tri-branch multi-resolution
framework that leverages complementary spatial cues learned
by DenseNetl21, ViT-Base, and DeiT-Base models at three
different input resolutions for breast ultrasound image
classification. 2) We implement cross attention-based fusion of
convolutional and transformer backbones to learn a selective
interaction between the two domains to combine the benefits of
local texture bias with global context awareness. 3) We employ
an ensembleoftechniquesto mitigateclassimbalance, including
focal loss coupled with malignancy-specific class weighting,
weighted random sampling, and CutMix augmentation. 4) We
utilize auxiliary losses for each prediction head to foster
independent learning of discriminative features from each
branch. Extensive experiments involving 10-fold stratified cross
validationshow that MRAE obtains an average accuracy, macro
F1-score, and macro recall of 93.72%, 94.25%, and 95.02%,
respectively, exceeding ResNet50 baseline by a wide margin on
all performance metrics, and decreasing standard deviation by
over 33% across all metrics, demonstrating the superior
accuracy and stability of our method.

Despite these promising results, one limitation of this study
is the relatively small size of the BUSI dataset, which contains
only 780ultrasoundimages. Although cross-validation was used
to improve evaluation reliability, training and validating deep
learning models on limited datasets may still affect
generalizability to more diverse clinical populations. Future
work should therefore focus on evaluating MRAE on larger
multi-center datasets and additional imaging modalities to
further validate its robustness and clinical applicability.
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