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Abstract. Blind sweep ultrasound protocols can expand access to ante-
natal screening in low- and middle-income countries (LMICs), but their
clinical utility depends on whether a sweep contains diagnostically useful
views. In routine obstetric imaging, gestational age is estimated from fe-
tal biometry measured on standardised planes (e.g. head and abdominal
circumference). In blind sweeps, these planes may appear only briefly
and under large appearance variation, making manual review burden-
some and automated processing unreliable without quality screening. We
propose biometry plane detection as an application-driven quality assess-
ment task: given a blind sweep video, identify frames suitable for femur
length, head- and abdominal-circumference biometry. We formulate the
problem as visual-query-guided retrieval in long ultrasound videos and
introduce a spatio-temporal transformer that matches a canonical query
image to candidate frames. We show that we can leverage this query with
an ultrasound-specific curriculum to learn effectively under extreme label
sparsity. To transfer knowledge from a large freehand dataset to sparsely
labelled sweeps, we incorporate scale-robust visual encoding and domain-
adversarial training. Experiments on a participant-disjoint blind-sweep
test set demonstrate improved detection performance over image-based
and video-based baselines, while highlighting the remaining challenge
posed by ultra-low prevalence and incomplete frame-level annotation.
We hope this work supports adoption of blind-sweep fetal ultrasound
by enabling automatic screening and rapid re-acquisition when biometry
content is absent. Project page: https://github.com /kwon-j/vqcl.

Keywords: Quality assessment - Biometry plane detection - Fetal ul-
trasound - Video transformers

1 Introduction

A major part of the routine obstetric ultrasound (US) examinations is biometry
— where measurements are made of anatomical structures such as the abdom-
inal circumference (AC), head circumference (HC) and femur length (FL). The
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sizes of these anatomies are used to estimate the gestational age of the fetus
(GA). These anatomies are measured from specific angles called standard planes
which are highly standardised by strict visibility /absence criteria for anatomical
landmarks [21,17] to promote consistent measurement. Acquiring them involves
fine-tuning the probe position through real-time visual feedback so requires deep
anatomical knowledge and skill. This is a major barrier to deployment in ante-
natal care in LMICs where access to trained sonographers may be limited [4].

Simplified acquisition protocols based on long, blind probe sweeps have there-
fore been proposed to reduce training requirements [5,24,1,23]. These protocols
are promising for LMIC deployment, but they introduce a new failure mode: be-
cause sweeps are acquired without targeting specific views, a scan may contain
insufficient information for downstream tasks. However, we cannot assume an
untrained user can assess the quality of a blind sweep scan. Furthermore, US
scans are cheaply retaken during the same appointment, while retaking a scan
after the patient has left is a large burden to the patient.

We focus on quality assessment for biometry-based GA estimation. We define
a sweep as suitable if it contains frames sufficient for approximate HC/AC/FL
measurement, and refer to detecting these frames in blind sweep videos as
biometry plane detection; not standard plane detection’, because they are
not standardised. Unlike freehand standard planes, sweep biometry planes are
off-axis, brief, and often motion-blurred because they are encountered by chance
rather than deliberately acquired. Despite this, approximate planes can still
support clinically useful GA estimation in regions where last menstrual period
remains the only, and often unreliable, method for GA estimation.

Related Work. Standard plane detection in freehand ultrasound is well studied
[7,10,3], but these frame-based models degrade on blind sweeps due to domain
shift and the need for temporal context.

There is recent work on direct GA estimation from standard plane images and
video without biometry, for both free-hand US and blind-sweep US [14,13,23].
Promisingly, [23] found direct GA estimation of blind US gave (£3 days MAE)
for two separate cohorts (the same as freehand US gold-standard biometry).
Multiple previous works on manual biometry of blind sweep US videos have
found good agreement (< + 1 week MAE) of GA [5,2], which further supports
the feasibility and utility of these scans for automated biometry-based GA esti-
mation. [5] uses the presence of biometry planes as a quality metric, to validate
their quality assurance process and mentions quality assessment is a scarce area
of research. However automated detection of biometry planes in sweep videos
remains underexplored.

Biometry-based GA is the current clinical gold standard, hence is more
amenable for clinical adoption than direct GA estimation. Further, our work
complements direct GA estimation work as it can be used as a preprocessing
step to screen whether videos contain relevant and informative structures. Due
to the black-box nature of deep-learning based models, a GA model is likely to
still give a GA prediction for a non-informative video.

4 Standard plane detection is a task only in regular freehand US scans



Visual Query Curriculum Biometry Plane Detection 3

2 Data

We used 3 datasets for this work: (1) blind-sweep videos with biometry plane
frames annotated, (2) frechand US videos with standard-plane-like frames anno-
tated and (3) standard plane frames individually, i.e. not as part of videos. The
amounts of each are shown respectively in Figure

Biometry Plane Data. Our data [22] consisted of approximately 4 hours of
real clinical blind-sweep ultrasound, comprising 334,000 frames from 115 par-
ticipants’ US videos. The sweeps were acquired by a hospital sonographer after
routine obstetric scanning using a GE Voluson ES8, at 18-28 weeks’ gestation
(CALOPUS - see acknowledgements). The sonographer found only 248 biom-
etry frames, which is extremely sparse (< 0.1%). These were unevenly split,
with much lower FL planes (63 FL vs. 84 HC and 101 AC), which reflects the
difficulty of the FL task. Lower FL prevalence is consistent with other manual
biometry plane detection in the literature [2,5,18]. The femur is essentially 1D,
whereas the head/abdomen are approximately spherical/cylindrical, thus the
chances of the imaging plane bisecting exactly along the 1D axis to get FL is
much lower than getting HC/AC.

The sonographer gave each plane a subjective quality score of: Excellent,
Acceptable or Poor depending on how clear/usable the plane looked. The most
frequent quality was “Poor”, which further obscures the already small labelled
data, highlighting the difficulty of the task.

Sweep Data Freehand Video Data Std. Plane Image Data
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Fig. 1: The middle graph shows, on average, how much of the clip is background
vs. standard plane-like (480 frames in each video). Right is an example “false
positive” biometry plane.

We counted 4 frames (£0.13s at 30fps) on either side of the expert-labelled
biometry plane as a true prediction to augment the low prevalence. This was
manually inspected to be a fairly consistent temporal cut-off for which frame
appearance would change semantically. This could be done for this sweep data
because during blind-sweep scans, the probe is moved at a constant speed in a
consistent direction.

Standard Plane Data. The freehand US data was taken on the same E8 probe
during real clinical appointments of 846 participants (PULSE — see acknowledge-
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ments). The standard plane frames were defined by the frozen frame, where the
sonographer pauses the video to take measurements.

This definition is not conducive to train a video model, as the ground truth
is given as a single frame; however, because the sonographer lingers around
the standard plane to fine-tune, many of the preceding frames also resemble
standard planes but there is no clear temporal cut-off to determine when frames
stop looking like standard planes.

Thus to obtain freehand video labelled data, we split up the freehand US
videos into 360 frames before the standard plane and 120 frames after and a
non-expert (lead author) manually annotated frames that resembled standard
planes. This temporal window meant most videos had more positive annotations
than negatives, (opposite to sweep video annotations Figure 1).

3 Method

Core Idea and Formulation. Whilst this can be framed as a simple 3 or 4
class (AC/ HC / FL / background) classifier problem, we use a visual query
to define the anatomy to detect, then frame the task as a one-vs-all binary
classification, similar to Ego4D visual query localisation challenge [9]. The visual
query is simply an example image of an HC, AC, or FL plane, which the model
is given along with the video and the model seeks to find only that anatomy
plane.

This visual query is crucial in coaxing large, video models to learn useful rep-
resentations in the ultra-sparse regime. The core idea is curriculum learning — we
start with the easy task of: given this AC frame, find when in this video clip this
exact same frame appears (could be done by literal pixel matching). Progresses
to: here’s a slightly transformed version of that target AC frame, now find when
in the clip the frame occurs. To: here’s a similar AC frame (but from another
patient /video), find when the AC frame for this video occurs, progressively until
you reach: here’s a really visually different frame but semantically still AC, find
me the AC frames in this clip. This progression coaxes the model to move from
low-level pixel matching toward a high-level anatomical representation.

At inference, we still need to give the model an exemplar AC, HC, FL frame,
but at this point, the model should have learned semantic meaning of finding all
AC frames, even if the given query is poor quality. We choose the AC, HC, FL
to give the model, so we can pick a high-quality standard plane (without motion
blur and clear boundaries) at test time. We do not use a query bank at inference:
we have a fixed, one HC, one AC and one FL frame to use as fixed queries, which
adds only a trivial memory overhead relative to the model weights.

Without the query curricula, a standard 3-class temporal detector must use
the same few positives to support learning appearance of 3 heterogeneous classes
and background, and finding them temporally from fleeting, off-axis data — op-
timising too many tasks at once. But with the easiest curriculum case where
the visual query is the same positive frame from the video; the model learns
high query-frame similarity minimises loss and learns the mechanics of temporal
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localisation without needing to learn diverse biometry appearances (just pixel
match). Reducing the similarity of the query to the target frame allows learn-
ing more diverse AC/HC/FL representations after having been initialised with
strong temporal priors and inductive bias.

Thus empirically, without this curriculum, video models fail to converge and
only frame-level detectors converged with such a small dataset size, because they
didn’t need to learn temporal connection parameters. We know from sonogra-
phers that temporal context for biometry plane detection is crucial, especially to
detect poor quality frames. This curriculum training paradigm cannot be done
with the simple classification set up, but requires a visual query.

Another benefit of the query use is it allows using spatio-temporal pretraining
from natural videos / other datasets — the spatio-temporal relationship knowl-
edge between query and video should be more general than encoder weights - it
is just temporal similarity matching.

Query Selection Curriculum
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Fig. 2: Model architecture and two-stage training pipeline. Orange arrows shows
loss pulls together, blue arrows shows loss will repel. Light green dots are HC
planes from blind-sweep and dark green are HCs from freehand in latent space.

Model Details. We use a two-stage training process of pretraining the visual
encoder on the large image dataset, then the whole network on the videos. Al-
though the architecture could be trained end-to-end in a single stage, in our
limited data regime, we find that pretraining not only boosts performance, but
also drastically helps with model convergence. We use encoder € to process each
frame and visual query independently. The video features (fyiq = €(xyid) €
RT*/uxfwxfe)y and query features (f, = e(z,) € RM*WXJ/C) from the en-
coder are then passed through a spatial transformer and then a temporal trans-
former. The result is then passed through an MLP and Maxpool layer to generate
a binary prediction for each frame y’ € IR”. The temporal transformer weights
were initialised from [11] pretrained on Ego4D.

Temporal Loss. Focal loss was used between the per-frame binary predictions
and labels. (Liemporar = —a(1—y;)"log(y;))[15] with v = 3,a = 0.25 due to class
imbalance. Other loss functions were explored but were less effective (Table 2).
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Visual Encoder. We pretrained the encoder to maximise the cosine similarity
of feature vectors of the same anatomy class (L4q¢ in Figure 2). This was done
using the n~800 standard plane frame data, in a supervised contrastive manner
using the SINCERE loss [0] (a supervised contrastive loss [12]).

“The anatomy taking up at least half the image” is part of the criteria for
standard planes [17], so whilst blind-sweep videos are always zoomed out to
increase visual coverage. To ensure learned features could transfer well from
the plentiful standard planes to the smaller biometry dataset, we promote scale
invariance in our encoder via (a) heavy zoom augmentations, (b) using Swin-
Tiny[16] instead of ViT (which has a fixed patch size), and (c) using connections
between all scales of the Swin (AvgPooling all Swin stages to the smallest HW
feature size before channel-wise concatenation to the deepest Swin layer).

Query Similarity Loss. During full network training, we add a contrastive loss
(InfoNCE [20]) between ff;, (the features of the biometry frames from the video)
and f, (the visual query feature). We refer to this as Lgyery in Figure 2. Standard
supervised contrastive losses [12] are calculated symmetrically for all samples in
the batch so as not to favour a particular class for multi-class classification, how-
ever we only want the query and biometry frames to cluster together, and not
the background frames to cluster to each other. Thus we use a mask so the loss
is only calculated between the biometry planes and query. This neatly uses the
inherent asymmetry in the InfoNCE loss to push the positives away from nega-
tives (background), and pulls together positive classes (biometry planes) without
exp(sim(ff;.fq)/7)

en exp(sim(f i, fq)/T)

pulling together the background classes. Lyyery = —log >
k

(k iterates over all negative background frames N).

Domain Adaptation. To encourage learning of features that are indifferent
to the acquisition domain (sweep versus freehand), we add a domain classifier
head and use a gradient reversal layer to maximise the loss of this classifica-
tion [8]. This was done during the pretraining step with focal loss due to class
imbalance, and with binary cross-entropy loss during the full network training.

ﬁdomainivid = _(yd log(y/d) + (1 - yd) 10g<1 - y:i))

Curriculum Learning. Our easiest curriculum is to use the query image from
the same video clip (which is the frame we are trying to detect), then for the
next curriculum we augment this query. Next we use non-augmented queries
from high-quality standard plane images, not from the same video (manually
picked by a non-expert (lead author)). Next augment, and then next we use
biometry planes of progressively decreasing subjective quality as the query (see
Figure 1). Here we push the model beyond the testing requirements (low quality,
augmented, biometry plane query) so to learn even more robust representations.

Data Loading. Temporal augmentation was done by randomly sampling clips
at intervals of 1-5 frames for sweeps and 1-15 frames for freehand videos. We
enforce at least one positive per T=30 frame training clip. We also employ a
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Table 1: Detection performance on blind-sweep US. All metrics were evaluated at a
fixed sensitivity (TPR) of 0.75. FL is omitted from the main table as baselines failed
to converge (AUROC ~ 0.55), whereas our model achieved AUROC = 0.903 and
AUPRC = 0.053 for FL.

Model AUROC 1t TNR 1T Sweep TNR {1 AUPRC
HC AC HC AC HC AC HC AC
VGG16 (Pretrained) 0.855 0.923 0.93 0.89 0.85 0.83 0.054 0.115
VQLoC (Vanilla) 0.855 0.834 0.79 0.75 0.75 0.72 0.055 0.013
VQLoC (Curric.) 0.912 0.914 0.87 0.84 0.84 0.82 0.046 0.022
TimeSFormer 0.759 0.753 0.71 0.60 0.61 0.64 0.005 0.011
Ours (Full) 0.973 0.979 0.95 0.93 0.89 0.84 0.114 0.135
Inter-annotator Agreement* — — 0999 0.999 0.95 0.93 — —

* Inter-annotator agreement is shown only to indicate annotation variability, not as a model-performance
upper bound. The second reader identified substantially fewer planes than the primary annotator, with
frame-level TPR of AC: 0.078, HC: 0.118 and FL: 0.127. Sweep-level TPR was AC: 0.34, HC: 0.42,
FL: 0.10

balanced batching strategy, mixing high-prevalence freehand with sparse sweep
videos to stabilise training and prevent majority-class bias.

4 Experiments and Results

All reported blind-sweep test results use a participant-disjoint split. The test set
contains 23 participants, 57 unique annotated biometry planes.

The VGG-16 baseline was initialised with weights from [7], which pretrained
using a SIM-CLR scheme and finetuned for standard plane detection; [7] re-
ported highly competitive performance on this task. We finetuned on the biom-
etry plane detection task. TimeSFormer did not converge without curriculum
learning, whereas VQLoC did; so we report VQLoC both with and without
our curriculum. We found the best performance when they were initialised us-
ing pretrained weights on SomethingSomethingV2 and the Ego4D Visual Query
Challenge, respectively.

[19] is conceptually related to our query-frame attention formulation, but its
query-selection module is not applicable to blind-sweep biometry: unlike spatially
constrained fetal-heart videos, these sweeps provide no reliable cue for selecting
a similar AC/HC/FL query during inference. Its temporal uncertainty-aware
localization loss is related to the start/end KL loss ablated in Table

We also compare these to the inter-annotator agreement. A second sonogra-
pher found less than a quarter of the annotations of the first sonographer, which
highlights the task difficulty. For a fairer comparison, instead of using all videos,
the inter-annotator agreement was from the subset of participants for whom the
second sonographer found planes.

Metrics. We report frame-level AUROC and AUPRC one-vs-all for each anatomy,
e.g. AC versus all non-AC frames and HC versus all non-HC frames. For acquisition-
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time screening, we also report TNR (TNR = %) at a fixed sensitivity of
0.75 (TPR=0.75) as a quality screening tool, we are interested in detecting scans
that don’t contain any biometry planes i.e. maximise TNR. This operating point
prioritises rejecting scans likely to lack usable biometry content, for which re-
acquisition is feasible. However, we recognise prioritising the TPR is a much
more difficult task due to the low prevalence, thus we provide full AUPRC and
AUROC values.

However, because positives constitute < 0.1% of frames, AUPRC is strongly
affected by prevalence and missing annotations. We therefore report them for
transparency, but interpret them as frame-level ranking metrics for model perfor-
mance comparison, rather than expected clinical false-alarm rates. For real-world
quality screening, the clinically relevant unit is the sweep rather than an indi-
vidual frame (you retake the whole sweep not the frame). Thus we report sweep
level true negative rate too.

Results. Our method outperforms the others we tested against in all fields ex-
cept inter-annotator true negative rate (unsurprising as the second sonographer
found much less frames). Surprisingly, the VGG16 performs better than most
video models in terms of AUPRC. The difficulty of the task is reflected in the PR
curves — the extremely low prevalence makes it very hard to get any precision.
At such low scores for AUPRC, it is strongly influenced by a few well-classified
images. If the model is very confident for just a few images, the top left of the
PR curve provides a lot of area under the curve (when it only counts for very
few images).

Definitionally, the second sonographer’s “false positives” are not actually false
positives; they were picked by a sonographer specifically because they are feasi-
ble biometry planes, and from these planes, all led to estimated GA within 14
days of true GA [22]. Thus, the dataset contains missingness — the sonographers
picked one or two planes per patient instead of finding all possible biometry
planes. This not only gives mixed training signals, but also underestimates the
model’s performance. Fig. | (right) shows an example “false positive” that ap-
pears biometry-plausible.

Ablations Table 2. We believe that without the curriculum learning, the do-
main discrimination and query-sim loss create competing losses as regularisation
during training, causing instability, which is why the model failed to converge,
whilst it converged for VQLoC and other smaller models. We also find that
using the start and end time KL loss (instead of per frame binary classifica-
tion), although it shows promise in literature [25], the fleeting and sometimes
non-contiguous appearances of biometry-planes is not conducive for this loss.

5 Conclusion

We introduced biometry plane detection in blind sweep obstetric ultrasound as
an application-driven quality assessment task, motivated by the need to ensure
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Table 2: Ablation study (mean of AC and HC) on blind-sweep videos.

Model Variation AUROC AUPRC
Encoder Architectures

Swin-FPN (Ours) 0.976 0.111
ViT-B 0.817 0.012
Swin (no FPN) 0.949 0.053
Swin (no pretrain, no FPN) 0.921 0.055
Component Analysis

No Query-Sim Loss 0.956 0.081
No Domain-Discrimination 0.959 0.068
No Curriculum Learningf 0.550 —
KL Loss (vs. BCE Temporal)f 0.560 —

TIndicates training failure to converge.

sweeps contain clinically meaningful content for biometry-based gestational age
estimation. We proposed a visual-query-guided spatio-temporal model trained
with an ultrasound-specific curriculum, together with scale-robust visual encod-
ing and domain-adversarial learning to transfer knowledge from freehand data to
sparsely labelled sweeps. Experiments show consistent improvements over image
and video baselines, while highlighting the remaining challenge posed by extreme
class imbalance and annotation variability. We expect this direction to support
practical sweep screening and rapid re-acquisition when biometric information
is absent, but larger multi-centre validation and more exhaustive annotation are
needed before deployment.
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