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Abstract. Poor medical image quality hinders accurate clinical decision
making. Image quality in ultrasound is modulated by many variables, in-
cluding positioning and acquisition parameter choices. Optimising these
variables is slow because human judgement of image quality is required.
Existing automatic image quality assessment (IQA) methods are overly
general, not adaptable, or are designed for static tasks. We argue that
the clinical value of an image depends on the quality of specific anatom-
ical regions rather than the image as a whole. Based on this, we pro-
pose an IQA method that conditions the quality score on the operator’s
anatomical focus at scan time. By exploiting a contrastively pre-trained
biomedical vision-language model (Biomed CLIP), TargetIQA requires no
dedicated training and outperforms trained organ-specific IQA methods,
a pre-trained VLM with a 138 higher parameter count, and general IQA
methods across a variety of tasks. Our ablations show that TargetIQA
is sensitive to the anatomical context, and this context meaningfully
changes its quality scores. These findings show anatomical conditioning
is a lightweight but effective basis for clinically meaningful IQA.

Keywords: Ultrasound Imaging - Image Quality Assessment - Vision-
Language Models - Zero-Shot Learning

1 Introduction

In standard ultrasound imaging, a probe is manually placed near the anatomy
of interest to collect 2D planar images with a high refresh rate. Small probe
movements shift the imaged plane and change the image on the scanner. Suitable
acquisition parameters must then be selected based on the depth of the object of
interest (OOI), the tissue composition of the patient, etc. Capturing ultrasound
images of high clinical value requires a well-trained clinician to position the
transducer, and adjust acquisition parameters — and dynamically update these
in response to challenges like probe or patient motion [21]. For procedures like
ultrasound-assisted prostate biopsy where a biopsy tool must also be positioned,
two clinicians are typically required. Thus, this manual optimisation cycle can
slow the procedure and increase clinical staffing requirements.
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Fig. 1. Anatomically insensitive IQA methods produce inappropriate scores
in scans with multiple organs. We demonstrate TargetIQA using an example ul-
trasound image with two potential anatomical intents. The kidney is obscured by shad-
owing whereas the liver’s echotexture is clear and high quality. Only TargetIQA adapts
to these differences. The image and scores are drawn from our experiments.

Assistive tools for producing high-quality images could have substantial clin-
ical impact by reducing the need for clinicians’ manual judgement of image
quality. Closing this gap requires an automatic image quality assessment (IQA)
metric. Crucially, clinical image quality is specific to the target anatomy, pathol-
ogy, or surgical device, and ultrasound workflows are often dynamic — requiring
the clinician to focus on different OOIs over time or in response to image find-
ings. A clinically useful IQA metric should therefore be sensitive to the current
OOI and adapt to changes in task during the scan.

Two widely used metrics are BRISQUE [13] and NIQE [14], which model
natural scene statistics; NIQE in particular has correlated with clinical quality
perception in ultrasound [II]. CLIP-IQA [I9] is an alternative embedding-based
metric that scores the alignment between an image and antonym captions such
as “Good photo” and “Bad photo” using contrastively pre-trained vision-language
models (CLIP [16]). Both of these methods are anatomy-agnostic by design and
do not adapt to the operator’s current focus.

In contrast, several methods are trained on examples for a specific organ or
clinical task [2, B [6] [7]. TinyUSFM-NRQ [7], for instance, introduces a family
of models trained to rate image quality across eleven target organs. A signifi-
cant limitation of such methods is that deploying and switching across multiple
bespoke IQA models — one per organ — is impractical for dynamic workflows
requiring coverage of multiple organs. A different line of work adapts frame-by-
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frame by automatically defining a region of interest (ROI) targeting the OOI and
computing a ROI-local quality metric [4, 20]. These methods are OOI-specific
but may be challenging to deploy on a low-resource ultrasound scanner due to the
additional computational cost of real-time ROI localisation, particularly when
multiple OOIs are investigated during a procedure.

We present TargetIQA, a simple and training-free IQA method
that scores image quality relative to the operator’s anatomical target, specified
in natural language at scan time. The method measures the alignment between
the image embedding and a dynamically generated text embedding containing
information describing the current clinical task. Our contributions are:

— We propose anatomy-conditioned IQA, a formulation in which the quality
score adapts to the operator’s stated anatomical target — reflecting the
clinical reality that image quality is task-specific and workflows are dynamic.

— We propose TargetIQA, a training-free realisation of this formulation that
adapts to clinical intent through natural-language prompting at scan time.

— We provide an evaluation across three tasks, showing TargetIQA outperforms
trained organ-specific, general-purpose, and VLM baselines, with ablations
isolating anatomical conditioning as the most impactful factor.

2 Method

The main idea behind our method is that it computes image quality by estimat-
ing how distinctly an image depicts the target anatomy. Our intuition is that
very high-quality ultrasound images look clearly like the anatomy being scanned,
whereas very low-quality ultrasound images are indistinct and resemble one an-
other regardless of target. The method captures this in Biomed CLIP’s [23] shared
image-text embedding space by constructing a direction vector at scan time that
points from the area of generic low-quality scans toward distinct, high-quality
scans of the named anatomy. It scores an image by its cosine similarity with this
direction. The direction is adapted from a clinician-supplied anatomical prompt
and a fixed set of negative prompts describing undesirable characteristics.

TargetIQA: BiomedCLIP [23] provides an image encoder f7 : X — R? and a
text encoder fr : 7 — R? that map into a shared, fo-normalised embedding
space, such that ||fr(z)|| = ||fr(#)|| = 1. We adopt BiomedCLIP [23] rather
than the original CLIP [16] for its broader coverage of ultrasound images (we
demonstrate results comparing the two models in the supplementary material).

We define a positive prompt ¢ describing the anatomy a desired by the
clinician, and a negative prompt ¢~ describing undesirable image characteristics.
Subtracting their embeddings gives an anatomy-specific direction vector d, in
the joint embedding space, as d, = fr(t}) — fr(t™).

This vector approximates movement from the region of indistinct, low-quality
images toward distinct, high-quality images which match the desired anatomy
clearly. TargetIQA estimates the image quality () via cosine similarity of the
image embedding with the ¢3-normalised direction Q(z;a) = fr (J:)Tug—z”.
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Changing a at scan time alters d, whilst the embedding model remains un-
changed, enabling zero-shot adaptation to the changes in anatomical intent com-
mon in dynamic ultrasound workflows. To develop a general method, we search
for a single prompt template to evaluate across all our experiments. The optimal
phrasing and terms are selected via combinatorial search across our validation
datasets (70%/30% validation/test partitions, split patient-wise where possible)
using candidate descriptive templates, and ultrasound quality descriptors gath-
ered from ultrasound image quality literature [I, 2T].

We also investigate averaging across multiple prompts in an embedding sweep,
with the sweep determining the optimal number and combination of negative
prompts. We find that the best performing configuration uses two negatives,
appearing to approximate the region of low-quality images better than any in-
dividual prompt, d, = fr(tf) — 5 (fr(t7) + fr(t3)).

The top-performing prompts are:

tT = ““A well-focused ultrasound showing {anatomy} parenchyma
with clear echotexture”

t; = ‘A technically inadequate ultrasound”

t, =‘“A poorly optimised ultrasound with significant artifacts”

Our prompts are deliberately asymmetric. The positive prompt ¢, entangles
anatomical and quality semantics, whereas the negatives only describe quality
failures. We expect that a high-quality image will always depict the OOI clearly,
whereas in low-quality images the OOI can be poorly depicted. This departs from
the antonym-pair construction of CLIP-IQA [19], in which ¢* and ¢~ describe
opposing ends of a single quality axis (e.g. “Good photo” / “Bad photo”).

3 Experiments

Baseline Methods: To evaluate general IQA methods with no anatomical sen-
sitivity, we adopt NIQE [I4], BRISQUE [I3], and CLIP-IQA [I9]. CLIP-IQA is
a similar embedding-based baseline which relies on natural language prompt-
ing [I9]. To strengthen this baseline, we perform prompt tuning and evaluate
both CLIP and BiomedCLIP as potential backbones, selecting the strongest
antonym pair and model. We find that “Well-visualized Image” and “Poorly-
visualized Image” are the best performing antonym pair when combined with
BiomedCLIP (details in supplementary material). To evaluate the performance
of organ-specific IQA methods, we adopt the TinyUSFM-NRQ [7] family of mod-
els. They train a series of IQA models based on the TinyUSFM foundation model
[12]. We apply two versions of the method: the matched variant applies the cor-
rect model for the task (e.g. the liver variant for the liver images), whilst the
mixture variant applies eleven bespoke models and averages their scores. To
evaluate the performance of open-source VLMs, we adopt Qwen3.6-27B [15]. We
chose a 27B variant because it is at the upper limit of what is practically de-
ployable on a single dedicated GPU in an ultrasound machine to satisfy latency
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Fig.2. TargetIQA shows the strongest and most monotonic sensitivity to
image degradation, while anatomically insensitive baselines are weaker.
Scores were computed on original and synthetically degraded ultrasound images
(shadow, haze, speckle, attenuation, excessive gain) across three organs. For each image
pair, the change in score was ranked within organ to remove inter-organ differences,
then macro-averaged across organs and binned into degradation severity deciles.

and privacy requirements. At inference time, Qwen3.6-27B [15] receives a sim-
ple prompt describing the task with the same anatomical information given to
TargetIQA (details provided in supplementary material).

Ablations: We also evaluate two ablated versions of TargetIQA: “no-anatomy”,
which removes the anatomical context from our prompts; and “wrong-anatomy”,
which replaces the correct anatomy with a different one at random (of the set
explored in our experiments). For instance, if the standard prompt is “A well-
focused ultrasound showing liver parenchyma with clear echotexture”, then the
prompt for the “no-anatomy” ablation would be: “A well-focused ultrasound with
clear echotexture”, and the prompt for the “wrong-anatomy” ablation might be:
“A well-focused ultrasound showing kidney parenchyma with clear echotexture”.

Experiment 1 — CAMUS Clinical Quality Classification: To evaluate the
clinical alignment of each method, we classify the clinical utility of echocardiog-
raphy images annotated by cardiologists. The CAMUS echocardiography dataset
[10] contains images labelled as “Good” (n=1010) and “Medium” (n=753) which
were clinically useable, and “Poor” (n=232) which were sub-clinical quality.

Experiment 2 — Synthetic Degradation Correlation: To evaluate the sen-
sitivity of each method, and estimate their utility for gradient-based optimisation
tasks, we precisely control the quality of images by applying synthetic degrada-
tion to high-quality images. To quantify the difference between the original and
degraded images, we use LPIPS [22] — a measure of perceptual similarity. We
assume that the change in an IQA metric before and after synthetic degradation
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Fig. 3. Examples of progressively increasing synthetic degradation. The strength of
our “excessive gain” and “speckle” augmentations are varied from zero (original image)
up to their maximum strength. Original image sampled from the CAMUS dataset [10].

should be strongly correlated with the degree of perceptual difference between
the original, high-quality image and the degraded version. To estimate the utility
of each method for gradient-based optimisation, we are interested in the mono-
tonicity and proportionality of the method’s scoring. We use Spearman’s Rank
Correlation Coefficient (SRCC) to measure monotonicity, and Pearson’s Linear
Correlation Coefficient (PLCC) to measure proportionality. To synthetically de-
grade the images we use USAugment [I7], a Python library which implements
several ultrasound-specific image augmentation techniques. Each augmentation
method simulates some undesirable change to the image. We use the standard
depth attenuation, gaussian shadow, and haze artifact augmentations, and we
adapt some of their methods to simulate increased intensity of speckle noise and
excessive gain settings (see supplementary material for details and examples).
We select 75 images labelled as high-quality, split equally across liver, kidney, and
heart datasets. Fifty synthetic versions of each high-quality image are generated
with randomly varied levels of degradation giving 3750 images total. Each aug-
mentation is applied with severity randomly sampled from USAugment’s default
ranges. shows a range of synthetic degradation with further examples.

Experiment 3 — Paired Quality Assessment: To evaluate subtle differences
in image quality, each method ranks pairs of patient-matched images captured
on expensive hospital-grade ultrasound machines and inexpensive point-of-care
ultrasound machines (POCUS). POCUS devices have inherent limitations due
to their low cost and size which generally reduce the image quality [5] [9]. We use
the 2023 USEnhance challenge dataset [I8] which involved generating the high-
quality ultrasound images from the low-quality ones. The dataset contains 1050
paired images across liver, kidney, breast, carotid artery, and thyroid anatomies.
Each IQA method is evaluated by its accuracy in ranking the quality of the
images in each pair — the score for the high-quality image should be highest.

4 Results and Discussion

Experiment 1: This experiment tests whether each method’s quality scores
agree with clinical utility labels on the CAMUS [10] dataset. reports
AUROC on the CAMUS Good+Medium vs Poor classification task. TargetIQA
achieves 0.839, a margin of 0.137 AUROC over the strongest baseline (Qwen3.6-
27B [15] at 0.702) and 0.191 over the matched TinyUSFM-NRQ variant (0.648).
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Table 1. Expl: CAMUS cardiac quality classification, AUROC (Good+Medium vs.
Poor). Exp2: synthetic degradation sensitivity, Spearman’s Rank Correlation Coeffi-
cient (SRCC) and Pearson’s Linear Correlation Coefficient (PLCC) between score delta
and LPIPS, macro-averaged over organs. Exp3: paired quality ranking, macro-averaged
paired accuracy over 5 organs. The +/— values denote 95% bootstrap CI (clustered on
patients for Expl and on original images for Exp2). Bold: best; underline: next best.

Experiment 1‘ Experiment 2 ‘ Experiment 3
Method AUROC (1) |SRCC (1) PLCC (1)|Macro PA % (1)
General (no anatomy)
BRISQUE [13] 0.583 +90s0 | (0.041 9992 (0.111 +91%0 69.6 31
NIQE [14] 0.578 902 | 0.287 #9118 (0.333 +9.999 83.4 33
CLIP-IQA [19] 0.606 +5:97¢ 0.214 #9132 0.252 +5.18s 69.0 +47
TinyUSFM-NRQ (mixture) [7] 0.619 +g05t |-0.038 *99¢2 0.050 +5:982 44.7 +52

Organ-specific

TinyUSFM-NRQ (matched) [7]  0.648 +9975  [-0.054 +993 0.073 +9.970 45.0 +33

Qwen3.6-27B [I5] 0.702 +991r | (0.203 9922 (0.204 +o20 38.9 +34
Ours

TargetIQA 0.839 9015 10.645 007 0.633 +9.9¢7 84.4 3¢

TargetIQA (no-anatomy) 0.824 ro0: | 0.559 *ou0 0.530 *ouis 72.8 +42

TargetIQA (wrong-anatomy) 0.584 +g:0m 0.118 #993t 0.120 *+5.93 70.5 +32

BRISQUE and NIQE sit at 0.583 and 0.578 respectively, just above chance.
The ablation ordering across TargetIQA (0.839), no-anatomy (0.824) and wrong-
anatomy (0.584) shows that the anatomical signal does not drastically improve
the method for this task but the wrong anatomical signal significantly degrades
performance. Echocardiography images are captured with standard views where
the heart anatomy is distinct and clear. This may explain the overlapping confi-
dence intervals of TargetIQA and the “no-anatomy” ablation: the standard views
used in echocardiography fill most of the frame with relevant cardiac tissue so
the anatomical prompt has little effect. Its contribution should be larger in re-
gions such as the abdomen, where the anatomy of interest may be surrounded by
more background tissue or other irrelevant organs, and the anatomical prompt
specifies which regions of the image are relevant.

Experiment 2: This experiment tests whether each method’s score responds
monotonically and proportionally to controlled synthetic degradation across
three organs. reports SRCC and PLCC between degradation severity
(LPIPS) and the change in quality score, macro-averaged across anatomies. Tar-
getIQA achieves the strongest correlations at 0.645 SRCC and 0.633 PLCC,
followed by our no-anatomy ablation. shows that TargetIQA’s score
is more sensitive to the degree of degradation than other methods, many of
which begin to invert at higher levels of degradation. The two general-purpose
baselines (BRISQUE, NIQE) and the trained TinyUSFM-NRQ variants are all
weak on both metrics, indicating poor response to varied degradation. The same
ablation ordering as the first experiment holds: TargetIQA (0.645/0.633) beats
no-anatomy (0.559/0.530) which beats wrong-anatomy (0.118/0.120), with the
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wrong-anatomy variant approaching no correlation with degradation at all. The
poor performance of TinyUSFM-NRQ [7] may be the result of a mismatch be-
tween its clean training data and our significantly degraded evaluation data.

Experiment 3: This experiment tests whether each method can correctly rank
patient-matched ultrasound pairs by device quality across five organs.
reports paired ranking accuracy (PA) on the USEnhance dataset. TargetIQA
achieves the highest macro PA at 84.4%, followed closely by NIQE at 83.4%, with
overlapping 95% confidence intervals. The ablation ordering in this experiment
remains the same but the differences are smaller than in the other experiments.
TargetIQA (84.4%) leads, but no-anatomy (72.8%) and wrong-anatomy (70.5%)
have very similar performance with overlapping 95% confidence intervals. NIQE’s
strong performance on this experiment compared to its weak performance on the
other experiments likely shows better sensitivity to image variations caused by
machine characteristics. TargetIQA’s strong performance here continues to show
no clear weakness across any of the experiments.

Limitations: TargetIQA establishes anatomical conditioning as an effective ba-
sis for ultrasound IQA, and several natural extensions remain open: we only
explore anatomical descriptions of task, but other types of desirable image char-
acteristics are a natural extension; a recent CLIP-style model [8] trained to be
sensitive to a specific ontology of other task characteristics may enable formula-
tions such as “vascular echogenic lesions on the liver” rather than just “liver”. We
only evaluate static image quality due to the availability of annotated datasets,
but metric stability during continuous scans should be evaluated too — particu-
larly in situations with patient or probe motion.

5 Conclusion

This work introduces TargetIQA, a zero-shot ultrasound IQA method that con-
ditions image quality on the operator’s anatomical intent at scan time. Across
three tasks — clinical quality classification, sensitivity to synthetic degradation,
and paired ranking — TargetIQA performs strongly and consistently (AUROC
0.839, SRCC 0.645, and 84.4% paired accuracy respectively) while every other
method suffers a clear weakness on one of the tasks. TargetIQA requires no
training, yet outperforms an organ-specific baseline (TinyUSFM-NRQ [7]) and
a VLM with 138x more parameters (Qwen3.6-27B [15]). If embedded in an ul-
trasound scanner, an anatomy-conditioned IQA method like TargetIQA could
shorten scans and reduce operator variability.
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