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ABSTRACT

The clinical practice of archiving static 2D images from dynamic breast ultrasound (BUS) exam-
inations leads to a critical loss of temporal information, vital for accurate lesion diagnosis. This
data limitation constrains the performance of conventional computer-aided diagnosis systems. We
challenge this limitation by proposing a novel framework that computationally recovers and leverages
these lost temporal dynamics to enhance diagnostic accuracy. Our framework first synthesizes a
BUS video from a static key frame image using a purpose-built generative model. For diagnostically
plausible synthesis, we introduce a key-frame conditioning strategy that ensures the anatomical fidelity
of the lesion is preserved while generating useful dynamic cues. Subsequently, the high-fidelity static
image and the synthesized video are fed into our designed IV-Net, a dual-branch fusion network
that synergistically integrates pristine spatial details with the recovered temporal context for robust
classification. Evaluated on key frame BUS datasets, our integrated framework outperforms methods
that rely solely on static images (AUC: 92.63%). Moreover, a reader study indicates that the generated
videos are indistinguishable to experts and lead to higher diagnostic performance. Overall, our method
demonstrates the potential of generative Al to restore lost clinical information, paving the way for
more accurate and reliable diagnostic systems in BUS diagnosis. The code and generated dataset are

publicly available at https://github.com/minnelab/DynamicBUS

1. Introduction

Breast cancer is the most prevalent and threatening dis-
ease in females Sung et al. (2021). Ultrasound imaging is one
of the most widely used screening techniques for breast can-
cer. Radiologists use a transducer across the tissue to observe
lesion morphology, echogenicity, and deformation from dif-
ferent points of view. Thus, diagnosing with breast ultra-
sound (BUS) inherently involves dynamic imaging. This
spatio-temporal information is used by clinicians for dis-
tinguishing the possibility of malignant and benign lesions.
Unfortunately, in clinical practice, only a few representative
static 2D frames are usually archived in a patient’s health
records, while the dynamic video is discarded Evans et al.
(2018). This severely limits the capabilities of computer-
aided diagnosis (CAD) systems as they only have access to
incomplete, static data for training.

While some studies have demonstrated the superior per-
formance of deep learning models on full BUS videos Chen
et al. (2021); Sun et al. (2023), these approaches are not
viable for widespread clinical use due to the prevalent lack
of archived video data. In recent years, different methods
have been proposed to generate videos from static images
Zhang et al. (2024a); Li et al. (2024). This raises the question
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of whether these generated breast ultrasound videos can
provide additional information for clinical diagnosis.

In this work, we provide a possible answer by proposing
a novel, integrated framework that synergistically combines
generative video synthesis with a fusion classification net-
work tailored for BUS. The framework consists of two
components:

1. A Temporal Synthesis Module: We leverage the
power of diffusion models to generate a realistic,
coherent BUS video from a single static input im-
age. Critically, we introduce a novel key-frame con-
ditioning strategy based on the Frame-Aware Video
Diffusion Model (FVDM) Liu et al. (2024b). Unlike
conventional methods that condition on the first frame,
our approach ensures the central, diagnostically crit-
ical frame remains true to the source image, while
plausible temporal dynamics are synthesized around
it. This approach better resembles the exploration
strategy used by clinicians.

2. A Spatio-Temporal Fusion Classifier: To effectively
utilize this combination of real and synthetic data, we
designed I'V-Net, a dual-branch network. One branch
processes the original, high-fidelity static image to
extract precise spatial features, while the other branch
analyzes the generated video to capture the synthe-
sized temporal dynamics. To better fuse the image and
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video information, we design a bidirectional cross-
attention (BCA) mechanism. The information from
both modalities is then fused to render a final, more
informed classification.

This holistic approach transforms a static image problem
into a dynamic video analysis problem in the absence of
original video data. To our knowledge, this is the first work
to explore and validate the concept of generative temporal
recovery for BUS lesion classification.

In summary, our main contributions are:

e We propose a new computer-aided diagnostic paradigm
that recovers and leverages lost temporal information
from static BUS images, comprising a video gener-
ation module and a fusion classification network. To
the best of our knowledge, this is the first framework
to use synthesized video for BUS classification.

e We introduce a key-frame conditioning strategy for
diffusion-based image-to-video (I2V) generation.

e We developed an image-video classification network
(IV-Net). This dedicated dual-branch network effec-
tively fuses information from a real static image and
a generated video, demonstrating a novel approach to
integrating generative data into discriminative tasks.

2. Related Work

2.1. Breast Ultrasound Classification

Within the domain of computer-aided breast ultrasound
classification, various methodologies have been extensively
explored, including radiomics-based approaches Lee et al.
(2018) and deep learning-based methods Shareef et al.
(2023); Yang et al. (2024); Gheflati and Rivaz (2022); Byra
(2021); Yao et al. (2024); Tang et al. (2025); Igbal and
Sharif (2023). While static BUS image classification has
been widely studied, a growing body of evidence highlights
the limitations imposed by single-frame analysis. In contrast,
methods utilizing BUS videos show improved diagnostic
outcomes Chen et al. (2021); Sun et al. (2023); Zhao et al.
(2023); Kong et al. (2024); Zhang et al. (2024b). Videos
inherently contain more information, as the integration of
spatial and temporal features offers greater insight into lesion
characteristics like stiffness or motility patterns. However,
the practical utility of these video-based models is severely
hampered by the clinical data reality, creating a clear need
for methods that can bridge this gap.

Deep learning techniques, such as Convolutional Neu-
ral Networks (CNNs), Long Short-Term Memory networks
(LSTMs), and self-attention models, have shown remarkable
capabilities in extracting complex patterns from video data
Ur Rehman et al. (2023). These models can automatically
learn relevant features from sequences of frames, capturing
both spatial and temporal characteristics. Our work builds
on this potential but obviates the need for pre-existing video
datasets by generating the temporal dimension itself.

2.2. Video Diffusion Models

Recent advancements in diffusion models have revo-
lutionized generative modeling, particularly in image syn-
thesis, by employing iterative noise reduction processes to
generate high-fidelity samples Song et al. (2020); Ho et al.
(2020). While extending this framework to video generation
has shown promise, existing models often struggle to capture
intricate, long-range temporal dynamics Ho et al. (2022); He
et al. (2022); Chen et al. (2023); Wang et al. (2023); Ma
et al. (2024); OpenAl (2024); Xing et al. (2023b); Liu et al.
(2024a); Hou et al. (2024). For the task of 12V generation,
methods like DynamiCrafter Xing et al. (2023a) and 12V-
Adapter Guo et al. (2023) have made significant progress,
yet often face challenges in preserving high fidelity to the
conditioning image while generating realistic motion Zhang
et al. (2023); Ni et al. (2024).

In the medical imaging domain, generative models have
been explored for applications such as endoscopy, cardiac
ultrasound, and fundus video generation Li et al. (2024);
Wang et al. (2024); Reynaud et al. (2024, 2023); Yu et al.
(2024); Zhang et al. (2024a). However, the unique challenge
of generating plausible BUS videos from static images for
diagnostic purposes remains an unexplored and critical area
of research. Our work is the first to address this specific clin-
ical need, adapting the powerful FVDM Liu et al. (2024b),
whose vectorized timestep mechanism is particularly adept
at modeling the complex frame interdependencies and sup-
ports full preservation of the conditioning image required for
this task.

3. Methodology

The proposed framework for BUS classification consists
of two main stages: video generation and classification, as
shown in Fig. 1. In the first stage, video generation model
synthesizes BUS video X = [x(1), ..., x(")] from the given
static image I. Then, the generated video, together with the
static image, were used as input to classify the breast tumor,
described as follows:

X =¢) (D
y=CU,X) 2

where G, I € RW*" X € RNXwxh and C represent the video
generation model, the given image, the generated video and
classifier respectively, where N represents the total number
of frames in the generated video, w and A denote the height
and width. Each image captures a specific lesion or mass
region. Given an input static breast ultrasound image I,
the diffusion model generates a sequence of frames X =
xD, ..., xN], X € RV*hXw The j is the predicted label
(benign or malignant).

In the first stage, we modify FVDM Liu et al. (2024b) to
generate a breast ultrasound video from a given static breast
image, such that the given image becomes the center frame
of the video. In the second stage, we propose an image-
video fusion-based classification model (IV-Net) to predict
the tumor type.
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Figure 1: The proposed breast ultrasound classification framework consists of two stages. In the first stage, a diffusion-based
model generates a breast ultrasound video from a static image. In the second stage, the generated video and the original static

image are used to classify the breast tumor type.

3.1. Key Frame based Breast Ultrasound Video
Generation

We present a diffusion based model for synthesizing dy-
namic BUS videos from static images, addressing the critical
need for temporal data in BUS-based cancer classification.
The generation model introduces one critical innovation
that uses a key frame as a conditional anchor to generate
forward and backward frames, diverging from conventional
12V methods Guo et al. (2023); Xing et al. (2023a), which are
conditioned on the first frame and generate forward frames.
In this way, our model can synthesize ultrasound videos with
higher fidelity and better alignment with the conditioning
image.
Preliminaries: Diffusion models generate data by reversing
a continuous stochastic perturbation process Song et al.
(2020). The forward process perturbs data pg,,(X) to noise
via the Stochastic Differential Equation (SDE):

dx = p(x, 1) dt + () dw, 3)

In this formulation, the drift coefficient u(x, ) governs the
deterministic evolution of the data, typically pulling the
signal mean towards zero to maintain stability. The diffusion
coefficient o(#) controls the rate of stochastic perturbation,
scaling the random noise injected by the standard Brownian
motion w. Sampling is performed by reversing this dynam-
ics, governed by the reverse-time SDE involving the score
function V, log p,(X):

dx = [u(x, 1) — o-(t)2VX log p,(x)]dt + o(¢)dw. “4)

Frame-Aware Video Diffusion Model. Standard video dif-
fusion models apply a scalar timestep ¢ uniformly across all
frames Xing et al. (2023b), restricting temporal flexibility.

To capture complex temporal dynamics, FVDM Liu et al.
(2024b) introduces a vectorized timestep mechanism z(¢) =
[zD@), ..., 7N 01T € [0, TV, where each 1) governs the
noise level for the i-th frame independently. Consequently,
the diffusion dynamics for the i-th frame x) follow the
frame-specific SDE:

dx? = pux, 70)dt + o(z0)daw®. ®)
By aggregating frames into a video matrix X = [x(V, ... . x™M]T e
RN*d we can formulate the integrated forward SDE for the

entire video sequence:
dX =UX, 7(t))dt + Z(z(1))dW, ©6)

where U represents the concatenated drift coefficients, X is
a diagonal matrix of diffusion coefficients determined by 7,
and W denotes the multidimensional Brownian motion.
Key-Frame Anchoring: As mentioned, 12V methods typ-
ically generate forward frames from a conditioning image.
Instead, we employ the key frame x(™ as the stable anatom-
ical reference (m = | N /2]). Specifically, given a static BUS
image I, we initialize:

x") = I with 2™ (1) = 0, o)
while applying standard diffusion to other frames:

Dy=1, Vi#m. (8)

In this way, bidirectional synthesis from the anchor
image is enabled, preserving diagnostic fidelity while gen-
erating realistic peripheral motion. To be clearer, FVDM
supports I2V generation using only the vectorized timestep
variable because it allows each frame to evolve indepen-
dently during the diffusion process. By setting the anchor
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Figure 2: Detailed architecture of the diffusion model. (a)
The whole diffusion transformer architecture with components
like Patch Embedding, Positional Embedding, Layer Norm,
and Transformer Block. (b) Transformer block. MLP and
MHSA denote multi-layer perception layer and multi-head self-
attention module, respectively.

(@)

frame’s timestep to zero (™ (f) = 0) and applying regular
noise to other frames, the model can treat the input image as
anoise-free starting point and generate the other frames from
noise. This configuration enables the model to infer motion
and temporal dynamics from the static image to create a
coherent video sequence without additional training or fine-
tuning since the model are trained to handle frames with
independent noise levels, which is the prominent advantage
of our adopted FVDM paradigm against conventional others.
Model Architecture: Fig. 2 illustrates the full diffusion
transformer architecture based on Ma et al. (2024). The
difference is replacing the scalar timestep input with a vec-
torized version. Sinusoidal positional encoding transforms
these to embeddings (N, D), where D is the embedding
dimension. These embeddings condition the transformer
attention and MLP layers via adalLN-Zero Peebles and Xie
(2023), enabling independent temporal dynamics per frame
for improved temporal fidelity and cross-frame noise predic-
tion. By implementing this enhanced method, we convert
static breast ultrasound images into dynamic, multi-frame
video sequences.

3.2. Image-Video Classification Network

To better process key frame and generated video in-
formation, we propose IV-Net shown in Fig. 1 classifica-
tion model part. The pair key frame image and generated
video together are used as input. The IV-Net consists of
three components: an image classification branch, a video
classification branch, and a feature fusion module. IV-Net
is inspired by the two-branch architecture slow-fast video
classification method Feichtenhofer et al. (2019), a model
with two streams designed for video understanding tasks.
Unlike the slow-fast branches, which capture both slow and
fast video sequences, IV-Net’s two branches are used to
capture the key breast ultrasound image and generate video
information. In the image stream, we used ResNet as the

backbone to extract the image feature map f; € R¢ where
c represents the channel dimension. In the video stream, the
MVIT Li et al. (2022) network model is used for extracting
spatial and temporal features fy € RC€. After extracting
the image and video features, a feature representation fusion
module is used to fuse the features.

3.2.1. Image Video information fusion

To better incorporate the extracted features, we propose
to use the hybrid fusion module to handle the image-video
paired data. It combines the early and late fusion module.

Early Fusion In the early fusion strategy, feature-level
integration is performed immediately after extracting repre-
sentations from the image and video branches. We then apply
the BCA module to explicitly model interactions between
modalities. Fig. 1 shows the early fusion module, which
works as follows. First, the features of both branches are pro-
jected into a shared latent space f € R€ through modality-
specific linear layers :

qI:W[QfI5 kI:WIKfI, U]:WIVf[a

where produces query W€ € R key WK € R, and
value WY € R representations The image query attends
to the video key to obtain video-guided image features,
while the video query attends to the image key to obtain
image-guided video features. Then, the attended features are
computed:

fr=avx, fx=axvp,
with
ay = Softmax(q,k;), ay = Softmax(quI).

Finally, the attended features are concatenated to form the
fused representation:

fearly = (fl”fX) € ch?

where || is a concatenation operation. These features are
aggregated and passed through an MLP for classification.
By employing bidirectional cross-attention, the model is
able to emphasize salient cross-modal interactions and cap-
ture complementary dependencies beyond simple concate-
nation. This attention-based formulation extends the multi-
head self-attention mechanism Vaswani et al. (2017) to
explicitly model cross-modal interactions at the feature level,
allowing the model to emphasize salient information across
modalities. This mechanism enables the model to learn
complementary information by allowing each modality to
selectively attend to the most relevant features from the
other, thereby capturing richer cross-modal interactions than
simple concatenation or independent processing.
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Figure 3: (a) Evolution of FVD during training of FVDM w.r.t. different positions for image condition. The green line (conditioning
on the 8th frame) achieves the best performance. (b) Evolution of FVD during training of our 12V method (key-anchoring strategy),

FVDM Liu et al. (2024b), and Latte Ma et al. (2024).

Late Fusion In contrast, the late fusion strategy defers
the integration of information until the decision stage. The
image and video features f; and f are individually pro-
cessed by their respective fully connected layers to obtain
independent classification logits:

)A’I = MLPI(f[), JA’X = MLPx(fx)~

These logits are then concatenated and fed into a fusion
MLP, which acts as a decision-level aggregator:

y= MLPfusion(j}I ” j>X)7

The fusion MLP consists of three fully connected layers
with ReLU activations and dropout for regularization. This
structure enables the model to learn a nonlinear mapping
from modality-specific decisions to a unified classification
output.

The late fusion independent classification logits for im-
age and video features are obtained from their respective
fully connected layers. A 3-layer MLP is used to fuse the in-
formation at the decision stage, aiming at making decisions
based on the results of the two modality branches.

Hybrid Fusion Hybrid fusion integrates both strategies by
combining interactions at the feature and decision levels.
First, an early fused representation is obtained via BCA:

Jeaty = BCA(f1. fx),

This representation is aggregated and projected into a com-
pact vector f,y. In parallel, modality-specific features are
passed into their respective MLP classifiers to produce logits
7 and yy. The final hybrid representation is then formed
by concatenating the early fused feature and the modality-
specific logits:

fhybrid = (fea_rly 97119x),

which is passed through a fusion MLP to obtain the final
output:

y= MLPfusion(f hybrid)'

By combining both low-level interactions (early fusion) and
high-level decisions (late fusion), this design is expected to
provide a more expressive and robust integration mechanism
that mitigates the limitations of using either strategy alone.

3.2.2. Loss Function

The binary cross-entropy is used as a loss function:
Lpcg = — [y log(p) + (1 — y)log(1 — p)], where p denote
the prediction probability.

4. Experiment and Results

Our experiments consisted of two parts. The first part
evaluated the quality of the generated BUS video sequences
by comparing our proposed video-generation framework
with existing state-of-the-art approaches. The second part
assessed the classification performance of our method by
benchmarking it against established BUS classification meth-
ods.

4.1. Experiment Setting

The model was implemented in PyTorch and trained
on an NVIDIA A100 GPU with 80 GB of memory. We
adopted the AdamW optimizer, using a learning rate of le™*
for the diffusion-based generation model and 3e™* for the
classification model. The generation model was trained from
scratch for 100,000 steps with a batch size of 4, while the
classification model was trained for 100 epochs with a batch
size of 32.

4.1.1. Dataset

In the video generation stage, the Breast Ultrasound
Video (BUSV) dataset Lin et al. (2022) was used. It contains
a breast lesion ultrasound video dataset with 188 videos,
including 113 malignant and 75 benign videos. The 148
cases for training and 40 cases for validation. In total, these
videos have 25,272 images. Each video provides a complete
scan of the tumor, from its appearance to its largest section
and subsequent disappearance. In the classification stage,
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Figure 4: Visualization of the generated video with different condition input. From top to bottom, the generation model takes
key images at the beginning, middle, and end positions, which are highlighted with red boxes.
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Figure 5: Visualization of our method generated breast ultrasound video sequence compared with the ground truth video sequence.

Table 1

Comparisons with other 12V generation methods.
Method | FVD (1) PSNR (1) SSIM (1) LPIPS (1) DISTS (1)
MCVD Voleti et al. (2022) 639.97 15.79 0.37 0.38 0.24
12VGen-XL Zhang et al. (2023) 621.92 16.62 0.32 0.48 0.30
SVD-XT Blattmann et al. (2023) 196.92 19.10 0.38 0.36 0.21
LTX-Video HaCohen et al. (2024) 318.56 18.17 0.42 0.46 0.28
CogVideo Hong et al. (2022) 483.86 17.12 0.33 0.45 0.26
Ours 118.31 21.01 0.44 0.25 0.16

BrEaST Pawlowska et al. (2024) is used, including 252
images in total, 154 benign and 98 malignant images.
Video Generation Dataset Preprocessing: The video gen-
eration model is trained with 16 frames of size 256x256 with
an interval 3 and without class condition extracted from the
BUSYV dataset. Given each image in the dataset, we center-
crop the image then resize it. After that, we created videos
with 16 frames and without class labels.

Classification Dataset Preprocessing: By using the trained
video generation model, we generated the video from the
static BUS dataset. As the BUS contains heterogeneous
noise, we applied a low-pass filter and histogram equaliza-
tion to enhance image quality. The model was trained on 80%
of the dataset, while 20%, consisting of generated videos
with known labels, was used for testing.

4.1.2. Metric

For the video generation experiment, the Fréchet Video
Distance (FVD) Unterthiner et al. (2019), Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM), Learned Perceptual Image Patch Similarity (LPIPS)
Zhang et al. (2018), and Deep Image Structure and Texture
Similarity (DISTS) Ding et al. (2020) were used to evaluate
the generated video quality.

For the classification experiment, the Precision (PRE),
Sensitivity (SEN), the area under the ROC curve (AUC),
F1 Score, and Matthews correlation coefficient (MCC) were
used for evaluation.

4.2. Video Generation Performance

To determine the optimal configuration of our 12V gener-
ation approach, we conducted an ablation study to compare
it with baselines and verify the superiority of our proposed
approach, as well as a dataset comparison to assess general-
ization.

4.2.1. Quantitative Comparison

We investigated the effectiveness of our proposed method
with ablation studies using the FVD metric (Fig. 3). Fig.
3(a) shows the ablation study for the image conditioned on
different frame positions. Specifically, video samples are
16 frames in length. Thus, the conditioning positions range
from 1 to 16, representing conditioning from the first frame

First Author et al.: Preprint submitted to Elsevier
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Figure 6: Visualization of videos generated from static images with the proposed method.

to the last. The figure shows that our proposed key-anchoring
strategy (conditioning on the middle frame) surpasses all
other conditioning positions. Fig. 3(b) compares our 12V
generation results with unconditional methods such as orig-
inal FVDM Liu et al. (2024b) and Latte Ma et al. (2024),
which directly generate videos from noise. As shown in Fig.
3(b), the image condition provides more realistic generation
results than generating videos from scratch.

We also compared our proposed method with differ-
ent 12V generation methods, including both zero-shot and
specifically trained methods. As shown in Table 1, the re-
sults demonstrate that our method outperforms state-of-the-
art video generation methods. Specifically, we trained the
MCVD model Voleti et al. (2022) on the same dataset from
scratch and also list the results for large-scale SOTA mod-
els with their pretrained checkpoints. Our method achieved
the lowest FVD score of 118.31, indicating higher video
quality and better alignment with real video distributions.
Additionally, our method attained the highest PSNR (21.01)
and SSIM (0.44) scores, signifying superior image fidelity
and structural similarity to the ground truth. The model
also achieved the lowest LPIPS (0.25) and DISTS (0.16)
scores, reflecting enhanced perceptual quality and texture
preservation. These results highlight the effectiveness of our
proposed approach in bridging the gap between static and
dynamic ultrasound imaging.

4.2.2. Qualitative Comparison

We visualized the generated video sequences for com-
parison, including videos generated with different frame
orders, videos from different static image datasets, and a
comparison with the ground truth. The image is surrounded
by the red line indicating the proposed method’s reference
input.

Fig. 4 illustrates the generated video with different frame
positions as reference inputs. We notice that different con-
ditioning positions result in different generated videos. The
proposed key-frame conditioning strategy yields more fea-
sible information that aligns with the original static image,
as it can be closer to the original static image from both
temporal directions.

Fig. 5 shows the generated BUS video compared to the
real video. It demonstrates that the generated video of the

tumor area is closer to the ground truth video at frames 10
to 16, recovering most of the original information. Frames
from 1 to 5 show more variance, but the overall layout still
aligns well.

Fig. 6 visualizes the generated video sequence from the
static image dataset. These cases demonstrate that while
the tumor is not clearly visible in the static image, the
dynamic image reveals a larger range and shows it invading
the surrounding area.

4.2.3. Reader Study

To further validate the diagnostic plausibility of the
generated BUS videos, we conducted a blinded reader study
with an experienced breast ultrasound radiologist (5 years of
experience). We performed two studies:

Synthesis Video Quality Evaluation Following a similar
procedure applied in a previous study Fu et al. (2023), we
designed an experiment to assess whether an expert could
distinguish between real BUS videos and those generated by
our method, and to evaluate the perceived clinical realism of
the synthetic sequences. We sampled a balanced set of 100
paired BUS videos from the BUSV dataset and 100 synthetic
videos generated using our method. The distribution of
benign and malignant lesions was matched across the two
groups. To avoid bias, no real and generated pair from the
same lesion was included in the same reader’s session.

In the evaluation procedure, each video was presented in
a randomized order using a designed experiment platform
with standard ultrasound playback controls (start/stop, loop,
zoom). For each case, readers were asked to label the video
as real or synthetic and rate their confidence on a five-level
Likert scale.

The radiologist achieved an average accuracy of 58.2%
in distinguishing real from synthetic videos, only slightly
above the chance level (50%), with no significant bias toward
either class. Confidence was higher when the reader judged
videos as real, but both real and synthetic videos received
comparable diagnostic quality scores (median Likert rating
= 3). These results suggest that our generated BUS videos
are largely indistinguishable from real ones in terms of visual
plausibility and clinical fidelity.
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adding a generated video (right).

Table 2
Performance of different breast ultrasound classification meth-
ods on BUSBRA dataset

Method Input PRE SEN  AUC F1 MCC (1)
ViT Image 76.29 55.46 80.48 62.72 47.14
SwinTrans Image 78.01 56.93 83.08 65.55 51.31
MVIiT Video 7751 63.50 85.08 67.70 51.24
Ours Both 84.86 67.41 92.63 76.15 66.18

Diagnosis Evaluation A diagnostic experiment was con-
ducted to quantify the incremental diagnostic benefit of
the generated BUS video compared with a single static
image. The experiment was as follows: first, the static breast
ultrasound image was presented, and the radiologist was
asked to assign a Breast Imaging Reporting and Data System
(BI-RADS) score. Then, the generated video of 16 frames
was played, and the radiologist was allowed to change the
original BI-RADS score. The BrEaST Pawtowska et al.
(2024) dataset was used for this experiment.

Fig. 7 shows the radiologist’s predicted confusion matrix
for static images and breast ultrasound videos. Classes 4A,
4B, and 4C were combined into a single class 4. We found
that the overall accuracy improved from 40% with static
images to 51% with the image-video pair.

In this experiment, only ultrasound breast images were
used, without incorporating clinical information or lesion lo-
cation data. This limitation resulted in reduced classification
performance, as contextual and positional cues are known
to contribute to more accurate diagnostic decisions. We
acknowledge that the radiologists’ BI-RADS performance
in our reader study appears relatively low. This can be
attributed to the fact that the BI-RADS annotations in the
dataset were assigned during the actual clinical examination,
where radiologists had access to additional patient informa-
tion and real-time scanning feedback. In contrast, our reader
study restricted radiologists to static images without this
supplementary diagnostic context, inherently affecting their
performance.
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Figure 8: Comparison of the different classification methods
ROC curve.

4.3. Comparison of the Classification Performance
with Different Methods

To assess the effectiveness of the proposed method,
we compared the different breast ultrasound classification
models, including image-based and video-based classifica-
tion models. We compared our proposed IV-BUS method
with image-only : Vision Transformer (ViT)Lu et al. (2016),
SwinTransLiu et al. (2022), video-only: MViTLi et al.
(2022) with pretrained weight. This benchmark model was
implemented using the PyTorch library.

As shown in Table 2 and the different methods’ ROC
curve (Receiver Operating Characteristic), the proposed I'V-
BUS model performs best. We observed that the proposed
method have the best performance. Additionally, the video-
based method performs better than the image-based method,
which demonstrating that the generated video sequence is
helpful for diagnosis. Furthermore, our proposed IV-Net
performs better than only image or video-based methods,
which shows that it is important to incorporate the original
static image for diagnosis.

4.4. Comparison of Classification Performance
Under Different Settings

The proposed classification model was evaluated with 4,
8, and 16 frames of the generated video to determine the
optimal sequence length for breast ultrasound classification.
The 4- and 8-frame sequences were obtained by evenly
downsampling the original 16-frame videos. The results in
Table 3 indicate that while reducing the number of frames in-
troduces minimal performance degradation, using 16 frames
achieves the best overall performance. This suggests that our
video generation method effectively captures and generates
useful temporal information for classification.

We also investigated different fusion strategies for ef-
fectively combining image and video features. As shown
in Table 4, we compared early fusion, late fusion, and
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Frame 9 Frame 13

Figure 9: Visualization of limitations in the generated videos.
The two rows show a similar comparison for a video with minor
color shifts and chart overlays (within the red boxes), where
the synthetic video exhibits flickering of chart elements.

Table 3
Classification performance with different numbers of frames for
breast ultrasound image-video classification.

Frames PRE SEN  AUC F1 MCC (1)

4 80.72 66.23 86.69 71.06 57.39

8 81.04 66.67 87.33 71.53 58.09

16 86.77 87.65 91.43 78.40 67.06
Table 4

Classification performance of different fusion strategies for
image-video (Early, Late, Hybrid Fusion)

Method PRE SEN AUC F1  MCC (1)
Early 7948 79.48 8332 6581  53.36
Late 8552 73.68 91.25 7840  67.96
Hybrid  86.77 87.65 91.43 78.40  67.06

hybrid fusion mechanisms. The results show that late fusion
outperforms early fusion on most metrics, while hybrid
fusion achieves the overall best performance, highlighting
the importance of flexible feature integration in image-video
paired classification.

5. Discussion

We proposed a diffusion-based video generation method
that leverages prior BUS video information to assist in
diagnosis. This approach offers two key advantages for BUS
video generation: (1) preservation of the diagnostic frame
at the temporal center and (2) bidirectional anatomical con-
sistency. In this way, static BUS images are transformed

into coherent video sequences that capture tissue dynam-
ics critical for malignancy assessment while maintaining
diagnostic integrity. To the best of our knowledge, this is
the first study to explore the use of generated ultrasound
videos for diagnostic purposes, providing a new direction
for the application of video generation models in computer-
aided diagnosis. We experimented with the generated BUS
videos using quantitative and qualitative criteria, and the
results show that our proposed method achieves the best
video quality.

To assess the value of the generated videos from a
clinical perspective, we performed a reader study with an
ultrasound radiologist to evaluate both the realism of the
videos and whether they could provide additional informa-
tion for improving diagnosis. We found that the radiologist
had low inter-observer variability in the realism reader study.
For the diagnosis reader study, the radiologist achieved 51%
accuracy with the generated video, compared to 40% with a
static image. However, this is still relatively lower than the
normal diagnostic procedure. This can be attributed to the
fact that the dataset only provides B-mode BUS, whereas
BI-RADS diagnosis relies on clinical information, more
ultrasound modes (Color Doppler and B-mode), and relative
positional information.

We compared our method with several breast ultrasound
classification models, and the proposed image—video fusion
method consistently achieved the best performance. This
demonstrates that accurate video generative models can
augment data to provide richer diagnostic cues than static
images alone. To identify the optimal integration strategy,
we evaluated early, late, and hybrid fusion mechanisms. The
results show that hybrid fusion performs best overall, par-
ticularly when implemented with a trainable fusion module.
We argue that in image—video classification, each modality
benefits from independently learning specialized, high-level
features before combining them.

Nevertheless, we acknowledge the following limitations.
Firstly, the video generation process is based only on a static
image without additional information, which may lead to
misleading results. In future work, we plan to incorporate
more information to aid BUS video generation, such as le-
sion area masks, text descriptions, and clinical information.
Secondly, video generation models may introduce artifacts
or misleading information, which could negatively affect
diagnostic decisions. Although the motion and structure
of the generated videos are well-aligned with real videos,
some noticeable visual artifacts can be observed. In Fig. 9,
the synthetic video shows minor color shifts and blurring
compared to real ultrasound images. Furthermore, if the
original video contains overlays such as measurement lines,
these elements can appear to flicker in the generated se-
quence. These issues are common challenges in genera-
tive video synthesis and can likely be mitigated by scaling
up training data and computational resources, as well as
through further algorithmic refinements. In general, despite
these minor imperfections, our method shows potential for
improving breast ultrasound diagnosis by recovering lost
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temporal information. Another issue is that the inference
speed of video generation remains a challenge, which is an
inherent problem of diffusion models. In future work, we
will incorporate anatomical information for video generation
and try to accelerate the generation process.

6. Conclusion

In this work, we addressed the critical issue of infor-
mation loss in breast ultrasound diagnosis, where dynamic
video data is routinely discarded in favor of static images.
We introduced a diagnostic framework that computationally
recovers these lost temporal dynamics to improve classifica-
tion accuracy. Our approach first synthesizes a realistic BUS
video from a static frame using a diffusion model with a key-
frame conditioning strategy to ensure anatomical fidelity.
Subsequently, a co-designed dual-branch IV-Net synergis-
tically fuses spatial information from the original image
with the recovered temporal context from the generated
video. Our experiments show that this integrated approach
outperforms methods relying on either static images or pre-
existing videos alone.

Future work will focus on extending our framework
to generate longer video sequences, accelerating sampling
speed and validating its efficacy across a broader range of
datasets. Furthermore, this generative restoration paradigm
could be extended beyond BUS to other ultrasound appli-
cations where temporal data is routinely lost. This research
paves the way for a new class of computer-aided diagnosis
systems that can overcome fundamental limitations in clini-
cal data archiving.
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