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Abstract

Fetal cardiac structure localization requires features that follow the size and orientation
of individual anatomical targets. We present Geometry-guided Regional Interaction and
Transformation for Oriented Bounding Box Detection (GRIT-OBB), an oriented method that
uses corrected proposal geometry to guide feature extraction and bounding-box refinement.
Starting from horizontal proposals, a supervised correction stage estimates oriented bound-
ing boxes, which define the sampling regions for rotated position-sensitive alignment. Then,
a geometry-guided relation residual combines regional features using Gaussian bounding
box representations and Wasserstein distances, followed by classification and refinement.
Finally, rotated intersection-over-union losses directly supervise both proposal correction
and localization. We evaluated GRIT-OBB against six methods on three datasets: FOCUS,
OCD, and AU-OPG, comprising 300, 120, and 901 images, respectively. On the FOCUS
dataset, GRIT-OBB achieved a mean AP50 of 47.74%, AP75 of 8.53%, and mAP50:95 of
16.81%, corresponding to improvements of 4.74%, 1.8%, and 2.01% over the strongest base-
line, respectively. On the OCD dataset, GRIT-OBB achieved a mean AP50 of 73.14%, AP75
of 18.97%, and mAP50:95 of 30.77%, corresponding to improvements of 12.40%, 13.54%,
and 11.28% over the strongest baseline. On the AU-OPG dataset, GRIT-OBB achieved a
mean AP50 of 82.65%, AP75 of 59.66%, and mAP50:95 of 50.66%, corresponding to an
improvement of 2.41%, 7.27%, and 3.88% compared with the strongest baseline. In an
ablation study, removing supervised geometric correction reduced performance on the
FOCUS dataset from 47.74% to 43.44% for AP50, while removing both IoU losses decreased
performance from 8.53% to 6.59% for AP75. These results support our hypothesis that
geometry-guided feature alignment and direct supervision at successive localization stages
can improve object detection for fetal cardiac structures.

Keywords: fetal cardiac ultrasound; oriented object detection; anatomical localization;
feature alignment; geometric relations; rotated intersection over union
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1. Introduction
Accurate localization of fetal cardiac structures provides the anatomical reference

needed for structure-specific assessment and measurement. Detecting multiple structures
within the same ultrasound image requires features that distinguish each target while
preserving its relationship to the surrounding anatomy. Research in fetal echocardiogra-
phy has explored attention mechanisms, coarse-to-fine processing, and spatiotemporal
modeling for anatomical classification and segmentation [1,2]. These developments place
anatomical representation at the center of computational ultrasound analysis, where mod-
els distinguish individual structures, extract features from their spatial support, and retain
the regional information needed to interpret targets within the surrounding anatomy.

Recent work has also combined geometric state estimation with multimodal interpre-
tation in sensor-equipped systems. For example, Mao et al. integrated flexible sensing
and shape reconstruction with a fine-tuned multimodal large language model for state
interpretation and fault diagnosis in a six-bar tensegrity system [3]. In fetal ultrasound, the
spatial representation must capture the size, orientation, and relationships of anatomical
structures within the image.

For object detection, cardiac structures pose several challenges: they differ in size and
shape; several of these targets are nested, adjacent structures share image context, and
changes in orientation alter the tissue enclosed by a rectangular region. Low contrast and
similar local appearances further challenge the recognition of small targets [4–7]. Related
work has used anatomical localization to identify relevant content in fetal ultrasound
videos and support cardiac measurements. TIER-LOC uses visual queries to locate relevant
temporal intervals [8], while automated cardiac function analysis combines structure
detection and segmentation with geometric measurement [9]. Our task concerns the spatial
localization of multiple anatomical structures within a single image. Each structure must be
distinguished from neighboring anatomy and localized according to its size and orientation.
An oriented bounding box (OBB), parameterized by its center, side lengths, and angle,
provides a compact representation of these properties.

Using OBBs for fetal cardiac structure detection requires more than predicting an angle
at the final output. Small and oblique structures require features sampled from regions
that match their spatial extent, while their similar local appearances make contextual
information from neighboring regions useful. When an intermediate bounding box defines
the sampling region, its geometric accuracy also affects the features available for subsequent
prediction. We therefore identify three requirements: correspondence between target
geometry and regional feature extraction [10–12], spatially informed interaction among
regions [13,14], and direct supervision of intermediate and final localization [15,16].

The first requirement is that the target geometry corresponds to the regional feature
extraction. A horizontal proposal enclosing an oblique structure can include substantial
surrounding tissue, making the sampled representation sensitive to the proposal’s orienta-
tion and extent. RoI Transformer addresses this mismatch through supervised conversion
from horizontal proposals to oriented regions [10]. R3Det and S2A-Net further develop
feature refinement and alignment mechanisms for oriented detection [11,12]. For fetal
cardiac structures, this correspondence is particularly important when a small or elongated
structure shares its image region with neighboring anatomy. Aligning feature extraction
with the target’s orientation and extent yields a sampling frame that more faithfully reflects
the structure being localized.

The second requirement is spatially informed interaction among regions. A small
target may provide limited local evidence, while neighboring regions contain informa-
tion useful for distinguishing its anatomical class. Relation Networks model interactions
between objects using both appearance features and geometry [13]. For oriented objects,
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OrientedFormer introduces Gaussian positional encoding and Wasserstein-based attention
to represent bounding-box geometry and condition interactions between queries [14]. These
developments motivate the use of corrected proposal geometry to organize contextual
feature exchange after target-aligned sampling.

The third requirement is direct supervision of successive geometric estimates. An
intermediate bounding box determines where the next stage extracts features, whereas the
final prediction determines the reported localization. Cascade R-CNN trains successive
detection stages with increasing Intersection over Union (IoU) thresholds, demonstrating
the importance of matching stage-specific training to the quality of incoming proposals [15].
GIoU addresses the mismatch between coordinate-based regression losses and overlap-
based evaluation by introducing an overlap-based regression objective [16]. These findings
motivate direct localization supervision at both stages: the corrected proposal should
overlap its assigned ground truth to provide an appropriate sampling reference, and the
final prediction should be supervised against its assigned ground truth to improve the
reported localization.

We address these three requirements using GRIT-OBB, a method for detecting oriented
fetal cardiac structures. A ResNet-50 backbone and feature pyramid generate features for
horizontal region proposals. A supervised geometry learner converts these proposals into
oriented references and rotated position-sensitive alignment, then samples features in their
local coordinate frames. Building on Gaussian geometric representations, the geometry-
guided relation residual uses positional encodings and a Wasserstein-based attention bias
to exchange information among the aligned regions. A learned gate controls the contextual
update to each regional feature. Parallel classification and bounding-box refinement heads
then identify anatomical classes and refine their geometry. Equivalent regression and
direct-rotated intersection-over-union losses supervise both the corrected proposals and
the final detections. The corrected references are detached before subsequent sampling,
and each stage receives its own direct localization supervision. The proposed method uses
learned proposal geometry to organize where features are extracted, how regions interact,
and how localization is refined.

GRIT-OBB builds on established oriented proposal transformation and feature align-
ment [10] and Gaussian positional encoding and Wasserstein-based attention [14]. We do
not claim these techniques or IoU-based supervision individually as new. Our contributions
concern how corrected proposal geometry connects feature extraction, regional interaction,
and localization supervision:

1. A geometry-guided detection method in which the same corrected oriented proposals
provide the spatial reference for rotated position-sensitive alignment, regional interac-
tion, and final bounding-box refinement. This organization links the geometry used
to extract regional features with the geometry used to condition contextual interaction
and refine fetal cardiac structure localization.

2. A geometry-guided relation residual that operates after rotated feature alignment
and conditions interactions among the extracted regional features on corrected pro-
posal geometry. It combines Gaussian positional encoding and a Wasserstein-based
attention bias with a learned gate that controls the contextual residual added to each
aligned feature.

3. A two-stage localization supervision scheme tailored to this geometry-guided pipeline.
Equivalent bounding-box regression and direct rotated IoU supervision both train the
corrected proposals and the final predictions against their respective assigned ground
truth. This gives the intermediate sampling reference its own localization objective
despite its detached connection to subsequent feature alignment.
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2. Related Work
We first review anatomical localization in fetal cardiac ultrasound, then examine

three technical foundations of GRIT-OBB: oriented detection and feature alignment, geo-
metric representation and regional interaction, and localization objectives and geometric
supervision.

2.1. Anatomical Localization in Fetal Cardiac Ultrasound

An ensemble approach combines cardiac view recognition with prenatal detection of
complex congenital heart disease [17], while automated cardiac function analysis integrates
structural detection and segmentation with geometric measurements [9]. These appli-
cations connect anatomical image analysis with diagnostic assessment and quantitative
measurement. However, the segmentation evaluation in the latter paper covers the four
cardiac chambers, the heart, and the thorax, but does not assess segmentation performance
for valves, septa, or small anatomical landmarks [9]. Localizing these additional targets
requires distinguishing structures with different spatial extents and similar appearances
within the same cardiac image.

For example, TIER-LOC uses visual queries to identify temporal intervals containing
relevant anatomical content in fetal ultrasound videos [8]. While temporal localization
identifies when the requested anatomy appears, it does not specify the oriented spatial
extent of individual structures within a frame. In this paper, we address the spatial local-
ization of multiple fetal cardiac structures within individual ultrasound images, assigning
each detected region an anatomical class and an oriented bounding box. GRIT-OBB uses
corrected proposals to align feature extraction with individual targets and to incorporate
geometric regional interactions and contextual evidence from surrounding anatomy.

2.2. Oriented Detection and Feature Alignment

Detection architectures differ in how they organize candidate locations and construct
features for prediction. For example, RetinaNet uses focal loss to address foreground–
background imbalance in dense detection [18], while FCOS predicts objects through a
fully convolutional, anchor-free formulation [19]. Region-based approaches construct a
representation for each proposal before classification and refinement. However, horizontal
sampling regions can include substantial background around oblique objects, creating a
mismatch between the target geometry and the extracted features [10,12].

RoI Transformer learns the conversion from horizontal proposals to oriented regions
and uses the transformed geometry for regional feature extraction [10]. For example, Ori-
ented R-CNN generates oriented proposals within its region proposal network and refines
them through an oriented detection head [20]. These approaches introduce orientation
at different stages: RoI Transformer converts horizontal proposals into oriented regions
after proposal generation, whereas Oriented R-CNN generates oriented proposals within
the RPN. R3Det couples successive bounding-box refinement with feature refinement [11],
while S2A-Net explicitly aligns features with oriented anchors [12]. Together, these methods
establish the importance of matching feature extraction to the geometry used for prediction.

Transformer-based detectors offer additional ways to represent oriented targets. For
example, Oriented-DETR uses a point-axis representation to encode oriented objects [21].
OrientedFormer combines Gaussian positional encoding, geometric self-attention, and
oriented cross-attention to connect object geometry with query interaction and feature
sampling [14]. O2-RT-DETR develops a real-time transformer formulation for oriented
detection in remote sensing images [22]. However, OrientedFormer reports remaining
difficulties with small objects, extreme aspect ratios, and foreground objects that resemble
the background [14]. These cases are relevant to fetal cardiac localization, in which small or
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elongated structures share imaging context with neighboring anatomy. GRIT-OBB combines
sampling in corrected proposal frames with geometric interaction among regional features
to incorporate both target-aligned detail and surrounding context.

2.3. Geometric Representation and Regional Interaction

The orientation of a bounding box affects how geometric differences are measured.
For example, Gaussian Wasserstein distance (GWD) loss maps rotated rectangles to two-
dimensional Gaussian distributions and measures the discrepancy between them in distri-
bution space, thereby addressing discontinuities associated with oriented bounding-box
parameterizations [23]. GauCho parameterizes Gaussian distributions through Cholesky
decomposition for oriented object detection [24]. While these representations encode posi-
tion, extent, and orientation, a geometric distance alone does not determine how appearance
information should be exchanged among candidate regions.

Context can guide feature modeling through semantic modulation or structured knowl-
edge injection [25,26]. Another example is Relation Networks, which combine appearance
and geometric information when exchanging features among object candidates [13]. For
example, OrientedFormer extends this approach to oriented queries through Gaussian
positional encoding and Wasserstein-based attention [14]. Its decoder performs geometric
self-attention among queries before oriented cross-attention samples image features. These
operations connect regional geometry with visual evidence; however, their organization
differs from that of interactions among features already extracted within corrected proposal
frames.

In contrast, our method (GRIT-OBB), first applies rotated position-sensitive alignment
to corrected oriented proposals, then exchanges information among the resulting regional
features. The corrected proposals supply both the sampling frames and the Gaussian
geometry used to condition attention. A learned gate controls the contextual residual
added to each aligned feature. This design places regional interaction after explicit target-
aligned sampling and uses a shared geometric reference for both operations.

2.4. Localization Objectives and Geometric Supervision

Bounding-box regression must link its optimization objective to the overlap measure
used to evaluate localization. For example, Generalized IoU addresses the discrepancy
between coordinate-based regression losses and overlap quality through an objective that
also accounts for non-overlapping axis-aligned bounding boxes [16]. Rotated detection
introduces further difficulties because different combinations of side lengths and angles can
describe equivalent rectangles. GWD addresses parameterization discontinuities through a
distributional regression objective [23]. However, this objective measures distance between
Gaussian representations rather than directly computing the intersection and union of the
corresponding rectangles.

The form of the regression loss and the supervision of successive estimates address
different aspects of localization. For example, Cascade R-CNN trains successive detection
stages with increasing IoU thresholds to match stage-specific training to the quality of
incoming proposals [15]. While this approach emphasizes progressively refined detections,
a geometry-guided sampling stage also requires an accurate intermediate reference because
its coordinates determine where subsequent features are extracted.

GRIT-OBB combines equivalent bounding-box regression with direct rotated IoU
losses at the proposal-correction and final-refinement stages. Equivalent bounding-box
regression accommodates alternative parameterizations of the same rectangle, while the
overlap terms supervise each geometric estimate against its assigned ground truth. The
correction objective trains the reference used for feature sampling, and the final objective
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trains the reported detection. Both stages receive direct localization supervision, with the
corrected reference detached before subsequent sampling.

These reviewed papers motivated our hypothesis that using supervised proposal
geometry to guide regional feature extraction and contextual interaction, together with
direct supervision of intermediate and final predictions, can improve fetal cardiac structure
localization. To investigate our hypothesis, we developed GRIT-OBB, a geometry-guided
oriented detection method that uses corrected proposals as a shared spatial reference
for rotated feature alignment, geometric regional interaction, and final bounding-box
refinement, and applies direct rotated IoU supervision to both the corrected proposals and
final predictions.

Section 3 presents the datasets, preprocessing, and proposed methodology. Section 4
introduces the experimental settings and evaluates detection performance, robustness, and
component contributions. Section 5 discusses the findings and limitations, and Section 6
concludes the paper.

3. Methodology
3.1. Data and Preprocessing
3.1.1. Datasets and Fixed Partitions

We used three open-access datasets: FOCUS [27], consisting of fetal ultrasound images.
OCD microscopy [28], consisting of microscopy images and AU-OPG panoramic [29,30],
consisting of dental radiograph images.

We used the open-access FOCUS [27] dataset, comprising 300 images from 217 par-
ticipants aged over 18 years, collected during the second trimester at two medical centers.
No new data were collected. The dataset was released with a training/validation/test
partition of 200/50/50 images performed at the participant level. The FOCUS images are
PNG files with resolutions ranging from 640 × 392 to 1137 × 787 pixels (mean: 956 × 655,
SD: 88 × 74) and include segmentation masks for the thorax and heart. To support the
objectives of this paper, we enriched the dataset with bounding boxes for 14 anatomical
structures, in addition to the whole heart: atrioventricular valves offset (AVO), cardiac
apex (Apex), descending aorta (DA), foramen ovale (FO), interatrial septum (IAS), inter-
ventricular septum (IVS), left atrium (LA), left ventricle (LV), mitral valve (MV), moderator
band (MB), right atrium (RA), right ventricle (RV), tricuspid valve (TV), and spine, with
corresponding textual descriptions for each structure. Data annotation was conducted by
two of our co-authors with clinical backgrounds: one gynecologist with more than 5 years
of experience in fetal ultrasound, and one pediatrician with 7 years of clinical and cardio-
logical experience, including fetal cardiac imaging. After a joint induction session to agree
on the labeling conventions, images were randomly sampled into two separate subsets,
and each expert independently annotated one subset. We obtained ethical approval for
research involving secondary data under approval no. ER-LRR-11000211520260102175518.

The Oriented Cell Dataset (OCD) contains 120 bright-field microscopy images with
oriented bounding-box annotations for a single cell class. The images and annotations
are publicly distributed through the authors’ dataset repository. We retained the original
24-image test set and divided the remaining 96 images into 72 training images and 24
validation images based on acquisition groups. Acquisition groups do not overlap across
the training, validation, and test partitions. The resulting partitions contain 3610, 921, and
758 cell annotations, respectively.

The Ajman University Orthopantomography (AU-OPG) dataset is publicly available
on Hugging Face and contains 901 panoramic dental radiographs with 7006 tooth-level
oriented annotations. The images were collected at the Ajman University dental clinic, and
the annotations support dental diagnosis and treatment planning. We used six diagnostic
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classes: Cavitated, Crowned, Filled, Impacted, Implant, and Retained Root. The released
training, validation, and test partitions contain 630, 135, and 136 radiographs, with 4964,
1010, and 1032 annotations, respectively. These predefined partitions were retained in our
experiments. Radiographs from the same participant are confined to a single partition.

Table 1 summarizes the partitions.

Table 1. Dataset image partitions in training/validation/test order.

Dataset Modality Images Classes

FOCUS Fetal cardiac ultrasound 200/50/50 15
OCD Cell microscopy 72/24/24 1
AU-OPG Panoramic dental radiography 630/135/136 6

3.1.2. Image and Annotation Processing

Figure 1 shows representative images and ground-truth annotations from the three
datasets. The following deterministic procedure prepares each image and its annotations.

1. Image conversion and bounding-box representation. Images are converted to RGB,
with grayscale intensities replicated across three channels. Each annotated quadrilat-
eral is converted to its minimum-area enclosing rectangle for training. We write an
oriented bounding box as b = (cx, cy, w, h, θ), where (cx, cy) is the rectangle center in
image pixels, w and h are its width and height in pixels, and θ is the orientation of its
width axis relative to the positive horizontal axis, measured in radians. We use w ≥ h
and θ ∈ [−π/2, π/2). Image coordinates increase rightward and downward, so a
positive angle denotes clockwise rotation. Original quadrilateral annotations were
retained for evaluation.

2. Resizing and padding. For an image of width W and height H, the nominal scale
is s = min(1024/W, 1024/H). Bilinear interpolation produces dimensions W ′ =

⌊sW + 0.5⌋ and H′ = ⌊sH + 0.5⌋. Here, ⌊·⌋ denotes the floor operation, which returns
the greatest integer not exceeding its argument. The resized image is placed at the
upper-left corner of a 1024 × 1024 canvas, with zero padding on the right and bottom.
The realized scale factors are sx = W ′/W and sy = H′/H.

3. Annotation transformation. The following implemented update expresses the training
annotations in the resized image coordinate system using the realized horizontal and
vertical scale factors. Right and bottom padding leave the origin unchanged, so no
translation is added:

c′x = sxcx, c′y = sycy,

w′ = w
√︂

s2
x cos2 θ + s2

y sin2 θ,

h′ = h
√︂

s2
x sin2 θ + s2

y cos2 θ,

θ′ = atan2(sx sin θ, sy cos θ).

(1)

The transformed sides and angles are then canonicalized to the long-side convention.
When integer rounding gives unequal scale factors, an affine transformation of a
rotated rectangle generally produces a parallelogram, so this update is not an exact
affine polygon transformation.

4. Normalization. Padded RGB values are converted to [0, 1]. The detector applies
channel means (0.485, 0.456, 0.406) and standard deviations (0.229, 0.224, 0.225). These
fixed RGB normalization constants follow the Torchvision preprocessing specification
for ImageNet-pretrained ResNet-50 weights; they were not estimated from the medical
datasets. Each channel is normalized by subtracting its corresponding mean and
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dividing by its corresponding standard deviation. The same processing is used during
training, validation, and testing, with no additional random augmentation.

5. Coordinate recovery. Predicted rectangles are converted to polygon vertices. Each
vertex (x′, y′), expressed in pixels in the resized and padded input coordinate system,
is mapped to (x′/sx, y′/sy) in the original image, where it is evaluated against the
original quadrilateral annotation. Because padding is added only on the right and
bottom, coordinate recovery requires no translation.

A  FOCUS: fetal cardiac ultrasound

Classes shown in this example (15)

Heart
AV offset
Cardiac apex
Descending aorta
Foramen ovale
Interatrial septum
Interventricular septum
Left atrium

Left ventricle
Mitral valve
Moderator band
Right atrium
Right ventricle
Spine
Tricuspid valve

B  OCD: microscopy

Annotation class (1)

Cell

C  AU-OPG: dental radiography

Classes shown across both examples (6)

Cavitated

Crowned

Filled

Impacted

Implant

Retained Root

Figure 1. Sample images with ground-truth annotations from (A) the FOCUS dataset, (B) the OCD
dataset, and (C) the AU-OPG dataset.

3.2. Overall Workflow

Figure 2 presents the GRIT-OBB method. Given a preprocessed image I, a ResNet-50
backbone, and a feature pyramid network (FPN) produce multiscale features {Fℓ} [31,32].
A horizontal region proposal network (RPN) identifies candidate regions [33]. Each pro-

posal r(0)i initializes a geometry learner that predicts an oriented bounding box ˆ︁b(1)
i . In

Figure 2, these are the horizontal references after the RPN and the oriented references
produced by the geometry learner, respectively.

The corrected prediction defines the sampling reference r(1)i = sg(ˆ︁b(1)
i ), where sg de-

notes the stop-gradient operation. Rotated position-sensitive alignment extracts a regional
feature tensor Ai in the local coordinate system defined by this reference. The RoI head
maps Ai to a regional feature zi. The geometry-guided relation residual adds contextual
information from other regions to obtain the context-enhanced regional feature z′i. The
classification and bounding-box refinement heads use z′i to predict the class probabilities

pi and refine the reference into the final oriented bounding box ˆ︁b(2)
i . The computation is

summarized as follows:

I −→ {Fℓ} −→ r(0)i −→ ˆ︁b(1)
i −→ Ai −→ zi −→ z′i −→ (pi, ˆ︁b(2)

i ). (2)
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GRIT-OBB

Fetal ultrasound

ResNet-50
+ FPN

Horizontal
RPN

Horizontal
references

(A) Proposal correction and alignment

Geometry
learner

Initial RoI
alignment

Oriented references

Rotated position-sensitive
alignment

1 x 1 projection
RoI head

(B) Geometry-guided
relation residual

Classification

Bounding box
refinement

(C) Two-stage localization supervision
Training only

Corrected prediction Final prediction

Rotated NMS

OBB output

Detached geometry

(b) Geometry-guided relation residual

Layer
norm

Q

K

V

Attention
+ Softmax

Value
mixing

Output
projection x

Tanh gate

+

Identity path

Context-enhanced
regional features

Gaussian encoding Wasserstein bias

Detached oriented references

(a) Proposal correction and alignment
Corrected proposals define the shared spatial reference

Horizontal support Learned orientation Aligned sampling RoI features

(c) Two-stage localization supervision Training only

Corrected prediction

Final prediction

Equivalent bounding box
regression + Rotated IoU loss

Equivalent bounding box
regression + Rotated IoU loss

r(0)i
ˆ︁b(1)

i

Figure 2. Overview of the GRIT-OBB method. The central diagram shows the detection workflow,
with modules (A–C) expanded in panels (a–c): (a) proposal correction and alignment; (b) geometry-
guided relation residual; and (c) two-stage localization supervision, used only during training.
Colored solid guidelines connect each module to its detail panel. Teal dashed arrows indicate
detached geometry, while brown dashed arrows connect the corrected and final predictions to their
supervision.

The corrected reference determines the image support used for feature extraction,
provides spatial information for regional interactions, and defines the coordinate frame
for the final regression. The corrected proposals are detached before the second alignment
to separate the two stages’ geometric optimization. The geometry learner is trained by
its own regression and rotated IoU losses, while the second-stage losses optimize feature
extraction and final prediction without backpropagating through the corrected proposal
coordinates. This design allows the corrected geometry to guide regional sampling while
assigning direct localization supervision to each stage. The method is trained jointly: both
stages update the shared backbone and feature pyramid, although gradients are stopped
along the proposal-coordinate path. Allowing second-stage gradients to propagate through
the corrected proposal coordinates could further adapt the sampling regions to the final
classification and localization objectives. Such end-to-end optimization could align proposal
correction more closely with the features needed for final detection, complementing the
direct first-stage geometric supervision. This potential benefit has not been evaluated in
the present experiments.
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3.3. Geometry Learner

The supervised geometry learner converts a coarse horizontal region into an oriented
reference for the subsequent feature-extraction stage. This follows the supervised region
transformation principle of RoI Transformer [10]. A horizontal proposal is represented as
r = (c, w, h, 0), retaining its horizontal and vertical side lengths. Here, c = (cx, cy)T is the
reference center in image pixels. Initial RoI alignment extracts a 10 × 7 × 7 tensor from
the proposal, and a linear layer maps its 490 flattened values to δ = (δx, δy, δw, δh, δθ). The
predicted components δx and δy are center offsets along the reference width and height
axes, normalized by the corresponding side lengths; δw and δh are logarithmic side-length
ratios, and δθ is an angular offset in radians.

The decoder converts relative updates into an oriented bounding box: the rotation
matrix maps the scaled local center offsets to image coordinates, exponentiation converts
logarithmic size updates to positive side lengths, and the angular update determines
the new orientation. The decoded center is ˆ︁c, and the resulting prediction is ˆ︁b after
canonicalization. Both correction and final refinement use the same local-frame decoder:

ˆ︁c = c + R(θ)

[︄
wδx

hδy

]︄
,

ˆ︁w = w exp(δw), ˆ︁h = h exp(δh),ˆ︁θ = wrapπ(θ + δθ),ˆ︁b = canon(ˆ︁c, ˆ︁w,ˆ︁h, ˆ︁θ).
(3)

Here,

R(θ) =

[︄
cos θ − sin θ

sin θ cos θ

]︄
, (4)

and wrapπ maps an angle to [−π/2, π/2). The canonicalization operation exchanges the
side lengths and adds π/2 when needed to maintain w ≥ h. Side-length log updates are
clipped to [− log(1000), log(1000)], and decoded sides are lower bounded by 0.01 pixels.

The FPN supplies 256-channel maps at strides 4, 8, 16, 32, and 64. The RPN uses
anchor sizes (16, 32), (32, 64), (64, 128), (128, 256), and (256, 512) at these levels, with
aspect ratios 0.5, 1, and 2. The RPN retains up to 6000 proposals before horizontal non-
maximum suppression (NMS) and up to 1000 afterward, using an IoU threshold of 0.7. For
position-sensitive feature extraction, we use a 7 × 7 grid with 10 channels per bin, giving
72 × 10 = 490 output channels. A shared 1 × 1 convolution projects the four finer FPN
levels to these position-sensitive feature maps, which are used by both regional sampling
stages.

During training, horizontal envelopes of ground-truth OBBs are appended to the
proposals. First-stage positives are assigned using a horizontal IoU of at least 0.5, with
up to 128 positives contributing to correction supervision. Although the assignment uses
horizontal envelopes, the regression targets are oriented bounding boxes. The learned
correction, therefore, changes the sampling geometry before the second regional represen-
tation is constructed. Ground-truth oriented bounding boxes are also appended to the
second-stage reference set during training.

3.4. Rotated Position-Sensitive Alignment

The corrected reference defines a local coordinate system for extracting image evidence.
Rotated position-sensitive alignment preserves the spatial organization of this evidence
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within a fixed-size regional tensor [10,34]. For a reference r with side lengths w and h, the
pyramid level is

ℓ(r) = clip[2,5]

(︄⌊︄
4 + log2

√
wh

224

⌋︄)︄
. (5)

Here, ⌊·⌋ denotes rounding down to the nearest integer, and clip[2,5] restricts the se-
lected pyramid level to the range from 2 to 5. Level selection uses the reference area before
context enlargement, linking feature resolution to target extent. The selected level is there-
fore a deterministic function of the reference, not an independent input; the dependence of
the aligned feature on the level is implicit in its reference argument.

Each region is divided into K × K bins, with K = 7. Each bin contains S2 sampling
points, with S = 2. For bin row u and column v, with u, v ∈ {0, . . . , K − 1}, and within-bin
indices a, b ∈ {0, 1}, define

ξv,b =
v + (b + 1/2)/S

K
− 1

2
,

ηu,a =
u + (a + 1/2)/S

K
− 1

2
,

pu,v,a,b(r) = c + R(θ)

[︄
αwwξv,b

αhhηu,a

]︄
.

(6)

Here, ξv,b and ηu,a are normalized local sampling coordinates along the width and
height axes, and pu,v,a,b(r) is the corresponding sampling point in image coordinates. The
half-step offsets place samples at the centers of equally spaced subdivisions within each
bin. Scaling by the context-enlarged side lengths, rotating by the reference orientation,
and adding the reference center map this regular local grid to image coordinates. For
initial horizontal sampling, we set (αw, αh) = (1, 1). For correctly oriented sampling, we
follow the contextual RoI enlargement setting of RoI Transformer [10] and set (αw, αh) =

(1.2, 1.4), expanding the sampling region along the long and short axes, respectively. This
enlargement incorporates the surrounding image context without changing the reference
used for regression.

Let ˜︁Fℓ denote the projected feature map, dℓ = 2ℓ is its stride, and k(u, v, c) = (uK +

v)10 + c the position-sensitive channel index, where c ∈ {0, . . . , 9}. The aligned tensor is

Ac,u,v(r) =
1
S2

S−1

∑
a=0

S−1

∑
b=0

B
(︄˜︁Fℓ(r),k(u,v,c),

pu,v,a,b(r)
dℓ(r)

−
[︄

1
2
1
2

]︄)︄
, (7)

where B denotes bilinear interpolation with zero values outside the feature map. The
element Ac,u,v(r) is the aligned feature value for channel c and bin (u, v) of reference r. The
offset subtracts half a pixel from each coordinate to follow the feature-center convention.
Averaging is performed separately for each bin and channel. Each bin reads its own group
of 10 projected channels through k(u, v, c), and each output element averages the four
sampled values in that bin. This forms a fixed-size regional representation while retaining
the association between feature channels and spatial bins. For bilinear interpolation, let the
fractional horizontal and vertical offsets from the lower integer coordinates be tx and ty.
The four neighboring values receive weights (1− tx)(1− ty), tx(1− ty), (1− tx)ty, and txty,
respectively. For example, values 2, 4, 6, and 8 at the upper-left, upper-right, lower-left, and
lower-right neighbors yield 4.5 when tx = 0.25 and ty = 0.5. An out-of-bounds neighbor
contributes zero; the remaining weights are not renormalized.

The RoI head flattens the resulting 10 × 7 × 7 tensor and applies a fully connected
layer, layer normalization, and ReLU to obtain zi ∈ R1024. This regional feature represents
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the appearance in the corrected frame and supplies input to geometric interaction and the
final prediction.

3.5. Geometry-Guided Relation Residual

Regional interaction allows an aligned target representation to incorporate information
from other proposals. The geometry-guided relation residual, labeled Geometry-guided
relation residual in the upper workflow of Figure 2, uses Gaussian positional encoding
and Wasserstein geometric relationships [14]. Each detached reference defines a Gaussian
distribution:

µi = ci, Σi = R(θi)diag(w2
i /4, h2

i /4)R(θi)
T. (8)

Here, i indexes a reference region, µi ∈ R2 is its mean, and Σi ∈ R2×2 is its covariance
matrix. The mean describes location, while the covariance encodes extent and orientation.
For two regions, the Gaussian Wasserstein distance and normalized attention bias are

Cij =

[︄
tr(Σi) + tr(Σj)− 2

√︃
tr(ΣiΣj) + 2

√︂
det(Σi)det(Σj)

]︄
+

,

Dij =
√︂
∥µi − µj∥2

2 + Cij,

Bij = − log

(︄
1 +

Dij

(wihiwjhj)1/4

)︄
.

(9)

Here, i and j index regions in the same image; Cij is the covariance contribution to
the squared Gaussian Wasserstein distance, Dij is the distance, and Bij is the normalized
attention bias. The operators tr and det denote the matrix trace and determinant, and ∥ · ∥2

denotes the Euclidean norm. The denominator normalizes distance by the spatial scale of
the pair, and Bii = 0. We use [x]+ = max(x, 0) to suppress negative numerical round-off.

Gaussian positional encoding uses the expected sinusoidal features of the coordinate
marginals. For axis d ∈ {x, y} and ωk = 10,000−k/32, k = 0, . . . , 31,

ϕsin
i,d,k = exp(−ω2

k Σi,dd/2) sin(ωkµi,d),

ϕcos
i,d,k = exp(−ω2

k Σi,dd/2) cos(ωkµi,d).
(10)

Here, µi,d and Σi,dd denote the mean and variance of proposal i along axis d, respec-
tively, and k indexes the sinusoidal frequencies. Concatenation over both axes gives a
128-dimensional encoding. A learned affine projection maps each layer-normalized re-
gional feature from 1024 to 384 dimensions, which are split into separate 128-dimensional
query, key, and value vectors. Each vector is then divided into four 32-dimensional attention
heads. Queries and keys determine the attention weights between regions, while values
supply the regional information aggregated using those weights. Positional encoding
enters the queries and keys, and the distance bias conditions their interaction:

a(m)
ij = softmaxj

⎡⎣ (q(m)
i + ϕ

(m)
i )T(k(m)

j + ϕ
(m)
j )

√
32

+ softplus(τm)Bij

⎤⎦,

z′i = zi + tanh(g)
[︂
W o Concat4

m=1

(︄
∑

j
a(m)

ij v(m)
j

)︄
+ bo

]︂
.

(11)

Here, m ∈ {1, 2, 3, 4} indexes attention heads, and q(m)
i , k(m)

i , v(m)
i ∈ R32 are the query,

key, and value vectors for region i. The vector ϕ
(m)
i is the corresponding 32-dimensional

part of the concatenated positional encoding, and a(m)
ij is the attention weight from region
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i to region j. Both softmaxj and the sum over j operate over the reference regions in the
same image. Each head has its own learnable scalar τm, optimized jointly with the feature
projections. Its positive scale softplus(τm) weights the geometric bias Bij relative to the
query-key similarity, where softplus(x) = log(1 + ex). The learnable scalar g controls the
residual gate through tanh(g). The operator Concat concatenates the four head outputs.
The four 32-dimensional head outputs are concatenated into a 128-dimensional vector.
The output affine layer uses the learned weight matrix Wo ∈ R1024×128 and bias vector
bo ∈ R1024. It restores the feature dimension to 1024 so that the gated result can be
added to the original regional feature. The effective bias scale is initialized to 1, and
the residual gate is initialized to tanh(g) = 0.1. Reference geometry and its positional
encoding remain detached; feature projections, bias scales, and the gate are learned. The
residual structure retains the aligned regional feature while adding geometry-conditioned
contextual information.

3.6. Two-Stage Localization Supervision
3.6.1. Class and Bounding-Box Prediction

The context-enhanced regional feature z′i feeds a classifier with C + 1 outputs, where
C is the number of foreground classes and the additional output represents background,
and a class-agnostic regressor with five outputs. The regressor uses Equation 3 relative to
the corrected reference. Second-stage positives are assigned by a rotated IoU of at least 0.5.
At most 512 regions are sampled, with a maximum positive fraction of 0.25. Classification
uses all sampled regions, while bounding-box regression uses the positive subset.

3.6.2. Equivalent Bounding-Box Regression

An oriented rectangle admits equivalent parameterizations: (w, h, θ) and (h, w, θ +

π/2). The regression objective accounts for this equivalence when comparing predicted
updates with target codes. For reference r = (cr, wr, hr, θr) and target b = (cb, wb, hb, θb),
define

Er(b) =

⎡⎢⎢⎢⎣
diag(w−1

r , h−1
r )R(θr)T(cb − cr)

log(wb/wr)

log(hb/hr)

wrapπ(θb − θr)

⎤⎥⎥⎥⎦. (12)

The vector Er(b) ∈ R5 encodes the target bounding box b relative to reference r, in
center, side-length, and angle coordinates. The center difference is rotated into the reference
frame and normalized by its side lengths; logarithmic size ratios and the wrapped angular
difference complete the relative target. These five quantities match the decoder’s predicted
updates, allowing regression to compare predictions and targets in the same coordinate
system. Let b[0] and b[1] denote the two equivalent target representations. The per-positive
regression loss is

Lcode(δ; r, b) = min
j∈{0,1}

5

∑
k=1

SmoothL11/9

(︂
Wk[δ − Er(b[j])]

)︂
. (13)

Here, δ ∈ R5 is the predicted regression vector, j ∈ {0, 1} indexes the equivalent target
representations, and k ∈ {1, . . . , 5} indexes regression coordinates. The loss SmoothL11/9

uses transition parameter β = 1/9. The operator Wk returns the kth residual component,
leaving center and side-length differences unchanged and wrapping the angular difference
with period π. The minimum is taken after summing the five coordinate penalties, allowing
either equivalent target representation to determine the regression error. This avoids
penalizing a geometrically identical rectangle solely because its width and height are
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exchanged with a corresponding quarter-turn in angle. Smooth L1 is quadratic for residual
magnitudes below β and linear beyond that threshold, reducing the influence of large
coordinate errors relative to a purely quadratic penalty. The per-positive loss is shared by

both stages, so its definition has no stage superscript. For stage s, the term L(s)
code is the

mean of this same loss over the sampled positive regions at that stage, using their predicted
updates, references, and assigned targets. Stage 1 uses horizontal references, whereas stage
2 uses detached corrected references; an empty positive set contributes zero.

3.6.3. Direct Overlap Supervision

Coordinate regression is supplemented by direct overlap supervision at both geometric
stages. Coordinate errors and spatial overlap measure different aspects of localization. The
rotated IoU loss directly penalizes disagreement between the predicted and assigned target
regions, complementing the parameter-space regression loss. Applying it to both stages
ensures the corrected sampling reference and the final detection are supervised. For the
positive set Ps of stage s ∈ {1, 2},

L(s)
IoU =

1
|Ps| ∑

i∈Ps

[︃
1 − rIoU(ˆ︁b(s)

i , b∗
i )

]︃
,

rIoU(a, b) =
|P(a) ∩ P(b)|
|P(a) ∪ P(b)| ,

(14)

Here, s = 1 denotes proposal correction and s = 2 denotes final bounding-box
refinement. The symbol b∗

i denotes the ground-truth bounding box assigned to predictionˆ︁b(s)
i , and |Ps| is the number of positive regions at stage s. For any bounding boxes a and

b, P(a) and P(b) denote their rectangle polygons; | · | in the intersection-over-union ratio
denotes polygon area. An empty positive set contributes zero. Intersection vertices are
obtained from contained corners and edge intersections, ordered around their centroid, and
used to compute polygon area. The resulting overlap objective is piecewise differentiable
through the selected coordinates.

The training objective combines proposal generation, class prediction, and localization:
the RPN terms train foreground scoring and horizontal proposal regression, the classifi-
cation term trains the final class predictions, and the two pairs of regression and overlap
terms supervise proposal correction and final refinement. These terms are optimized jointly,
with unit coefficients except for the two overlap terms shown below. The complete training
objective is

L =LRPN,obj + LRPN,reg + L(1)
code + Lcls + L(2)

code

+ λ1L
(1)
IoU + λ2L

(2)
IoU.

(15)

Here, LRPN,obj and LRPN,reg are the RPN objectness classification and bounding-box
regression losses, respectively. Superscripts (1) and (2) denote proposal correction and final
bounding-box refinement. Bars denote averages over the corresponding positive regions,
and Lcls is softmax cross-entropy over sampled second-stage regions. RPN objectness is
the mean binary cross-entropy with logits over sampled positive and negative anchors. Up
to 256 anchors are sampled per image, with at most half positive. RPN regression sums
Smooth L1 penalties with β = 1/9 over the four encoded coordinates of positive anchors
and divides by the total number of sampled positive and negative anchors. Its targets
are the horizontal envelopes of the assigned ground-truth rectangles. Final classification
averages cross-entropy over all sampled second-stage regions across the C foreground
classes and one background class; background regions do not contribute to the localization
losses. The first overlap term trains the corrected sampling reference; the second trains the
final detection. The coefficients λ1 and λ2 control direct overlap supervision for proposal
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correction and final refinement, respectively. We used λ1 = λ2 = 2 as the default setting,
giving equal weight to the two stages.

The stage boundary separates the geometric gradient paths: the geometry learner
is updated by its own regression and overlap losses, and the final heads are updated by
second-stage objectives. Both stages also train the shared visual features. Horizontal IoU
is used for the first-stage assignment; rotated polygon IoU is used for the second-stage
assignment and the direct overlap losses. Gaussian bounding-box representations are used
only in the regional interaction module.

4. Experimental Evaluation
This section evaluates whether geometry-guided feature extraction and two-stage

localization supervision improve fetal cardiac structure detection. We first describe the
experimental settings and compare GRIT-OBB with six oriented detectors on the FOCUS
dataset, examining overall accuracy, class-level performance, and qualitative examples. We
then evaluate the method on OCD and AU-OPG datasets, assess robustness to geometric
and visibility perturbations, and use component ablations to examine the contributions of
the proposed design.

4.1. Experimental Settings
4.1.1. Compared Models and Training Procedure

We compared GRIT-OBB with six oriented detectors. Rotated RetinaNet, R3Det, and
S2A-Net represent dense prediction, feature refinement, and feature alignment, respec-
tively [11,12,18]. Oriented-DETR and O2-RT-DETR provide transformer-based compar-
isons [21,22], while GauCho-FCOS uses an anchor-free detector with a Gaussian bounding
box representation [19,24].

Each model was trained independently five times on each dataset using the same fixed
training, validation, and test partitions. All models used the same input resolution, batch
size, and maximum training budget listed in Table 2, while retaining their model-specific
architectures and optimizers. Checkpoints were selected by validation, rotated AP50, and
operating thresholds were determined on the validation set before test evaluation.

GRIT-OBB uses an ImageNet-pretrained ResNet-50 backbone with a 256-channel
feature pyramid. Training used AdamW [35] and cosine learning-rate decay over the
100-epoch budget. Table 2 summarizes the principal training parameters.

Table 2. Principal experimental settings. Input size, batch size, maximum epochs, and early-stopping
settings are shared across models; the optimizer and learning-rate settings shown here apply to
GRIT-OBB. Early stopping was monitored starting at epoch 10 using the validation rotated AP50,
with a minimum improvement of 0.001.

Parameter Value Parameter Value

Input size 1024 × 1024 Batch size 4
Maximum epochs 100 Early-stopping patience 8
Optimizer AdamW Learning-rate schedule Cosine decay
Initial learning rate 10−4 Weight decay 10−4

We additionally evaluated GRIT-OBB using image-level five-fold cross-validation
over all 300 FOCUS images. Each fold contained 60 test images, with the remaining 240
divided into 192 training and 48 validation images. Each image served as a test sample
once within the five-fold partition. Checkpoints were selected using the AP50 validation
set, and operating thresholds were determined on the corresponding validation partition
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prior to test evaluation. We report the mean and sample standard deviation across the five
folds.

4.1.2. Evaluation Measures

Detection was evaluated using rotated polygon IoU. We report class-averaged AP50,
AP75, and mAP50:95, together with AR@100. The latter two measures average over IoU
thresholds from 0.50 to 0.95 in 0.05 increments; AR@100 uses the top 100 detections per
image and pools ground-truth recall.

Micro-F1 and mean matched rotated IoU were evaluated on the test set at a fixed score
threshold selected on the validation set for each training run, using a rotated IoU threshold
of 0.5.

A pooled optimal LRP-style error, oLRPpool, summarizes localization, false positives,
and false negatives [36]. At each score threshold, the unnormalized overlap errors 1− IoUrot

of true-positive matches are added to the false-positive and false-negative counts and
divided by the total number of true positives, false positives, and false negatives. Counts
are pooled across images and classes, and the minimum over thresholds is reported. Lower
oLRPpool is better; higher values are better for the other detection measures.

4.1.3. Robustness Evaluation and Statistical Analysis

Robustness was evaluated under 12 test conditions: rotations of 5◦, 10◦, 20◦, and 30◦;
scale factors of 0.85, 0.70, 0.55, and 0.40; and target-aware occlusion fractions of 0.10, 0.20,
0.30, and 0.40. Image content and annotations were transformed together for rotation and
scaling. All models used fixed checkpoints and the same perturbed inputs. Rotation was
evaluated on annotations fully contained within the common image region that remains
within the canvas under all tested rotations, in either direction. The clean reference used
the same target subset, termed the rotation core. Scaling and occlusion used the full
clean reference. Robustness preprocessing was shared across models, with matching clean
evaluations for normalization.

We summarize absolute robustness by r-mAP, the mean mAP50:95 across all 12 condi-
tions, and by the lowest mAP50:95 among the three most severe conditions. Relative reten-
tion is measured by RR-AUC, the mean of the trapezoidal areas under the clean-normalized
accuracy curves for the three perturbation families. For integration, perturbation severity
ranges from 0 (clean) to 1 (the strongest tested condition). Rotation angles are normalized
by the maximum tested angle of 30◦, whereas scaling and occlusion use equally spaced
severity levels. Each summary was computed separately for each dataset and training run.

Results are summarized by the mean and sample standard deviation of five indepen-
dent training runs, with 95% Student’s t confidence intervals describing training variabil-
ity. Paired differences in r-mAP and RR-AUC were assessed using 10,000 hierarchical-
cluster/image bootstrap resamples, with shared resampling weights across the compared
models and a Holm correction over six baselines per dataset and endpoint.

4.2. Fetal Cardiac Structure Localization
4.2.1. Overall Detection Performance

The main comparison tested whether GRIT-OBB improves both target retrieval and
localization. Figure 3 shows the eight metrics and the distribution across five training
runs. GRIT-OBB had the best mean on all eight metrics. Table 3 separates detection and
recall from F1, overlap, sensitivity, and error measures, with explicit uncertainty and
first/second-place markings.
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Figure 3. Performance across eight metrics on the FOCUS dataset. Plots summarize the results across
the training seeds for each detector; larger symbols and horizontal intervals show five-seed means
and 95% t intervals (x̄ ± 2.776s/

√
5), respectively. All scores are percentages. Higher is better, except

for moLRP, which pools optimal error estimates from localization errors, false positives, and false
negatives. FROC sensitivity averages sensitivity at 0.25, 0.5, 1, and 2 false positives per image. Results
are from the clean test set.

GRIT-OBB reached 47.74 ± 1.46% AP50, with a 95% interval of [45.93, 49.56]%. The
strongest AP50 baseline, GauCho-FCOS, achieved 43.00%. At IoU 0.75, GRIT-OBB achieved
8.53 ± 0.59%, compared with 6.73% for S2A-Net. Its mAP50:95 reached 16.81 ± 0.19%,
compared with 14.80% for S2A-Net. The improvements at both overlap thresholds show
that the benefit extends from detection at IoU 0.5 to stricter localization.

Recall, F1, and FROC sensitivity results support the same pattern. AR@100 rose
from the strongest baseline value of 24.62% to 30.28%, and micro-F1 rose from 53.23%
to 56.94%. FROC mean sensitivity reached 35.09%, compared with 32.62% for S2A-Net,
while oLRPpool decreased from 73.69% to 71.43%. Mean matched IoU was 69.11% for GRIT-
OBB and 68.89% for Rotated RetinaNet. Together, the measures indicate that GRIT-OBB
retrieves more targets while maintaining the quality of matched detections’ overlap. The
low absolute AP75 across methods indicates that precise placement remains a continuing
challenge on the FOCUS dataset.
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Table 3. Summary results on the FOCUS dataset. The first line reports the mean ± sample SD, and
the second reports the 95% training-seed t confidence interval (n = 5). Values in red and blue indicate
the best and second-best unrounded means for each metric, respectively; rankings do not indicate
statistical significance.

Model AP50 ↑ AP75 ↑ mAP50:95 ↑ AR@100 ↑

Rotated RetinaNet
34.41 ± 3.72
[29.79, 39.02]

5.11 ± 2.26
[2.30, 7.92]

12.40 ± 1.71
[10.28, 14.52]

21.69 ± 2.15
[19.02, 24.35]

R3Det
37.77 ± 3.00
[34.04, 41.50]

5.89 ± 1.43
[4.11, 7.67]

13.87 ± 1.73
[11.73, 16.02]

22.65 ± 1.69
[20.55, 24.76]

S2A-Net
42.19 ± 1.70
[40.09, 44.30]

6.73 ± 0.96
[5.53, 7.92]

14.80 ± 0.42
[14.28, 15.32]

24.25 ± 0.47
[23.67, 24.84]

Oriented-DETR
26.44 ± 1.98
[23.99, 28.90]

2.89 ± 1.11
[1.51, 4.27]

9.17 ± 0.90
[8.06, 10.29]

24.62 ± 0.76
[23.67, 25.56]

O2-RT-DETR
20.15 ± 1.95
[17.73, 22.56]

2.47 ± 1.13
[1.07, 3.87]

6.51 ± 0.99
[5.28, 7.75]

18.02 ± 0.47
[17.43, 18.61]

GauCho-FCOS
43.00 ± 1.13
[41.60, 44.40]

5.43 ± 0.43
[4.90, 5.96]

14.55 ± 0.53
[13.89, 15.20]

24.17 ± 0.46
[23.60, 24.73]

GRIT-OBB
47.74 ± 1.46
[45.93, 49.56]

8.53 ± 0.59
[7.80, 9.25]

16.81 ± 0.19
[16.57, 17.04]

30.28 ± 0.77
[29.32, 31.24]

Model Micro-F1 ↑ Matched IoU ↑ FROC Mean ↑ oLRPpool ↓

Rotated RetinaNet
48.41 ± 4.21
[43.19, 53.64]

68.89 ± 0.91
[67.75, 70.02]

30.05 ± 2.51
[26.94, 33.17]

76.95 ± 2.59
[73.74, 80.17]

R3Det
50.86 ± 2.86
[47.31, 54.41]

68.84 ± 0.92
[67.70, 69.98]

30.65 ± 2.77
[27.22, 34.09]

74.89 ± 1.52
[73.01, 76.78]

S2A-Net
53.14 ± 1.89
[50.79, 55.49]

68.00 ± 0.61
[67.25, 68.76]

32.62 ± 2.05
[30.08, 35.16]

73.69 ± 1.46
[71.87, 75.50]

Oriented-DETR
33.82 ± 2.13
[31.18, 36.46]

66.82 ± 0.77
[65.87, 67.77]

14.54 ± 2.35
[11.62, 17.46]

85.94 ± 1.08
[84.60, 87.27]

O2-RT-DETR
25.28 ± 2.94
[21.63, 28.92]

64.24 ± 2.48
[61.16, 67.32]

11.30 ± 2.24
[8.51, 14.08]

89.38 ± 1.55
[87.46, 91.30]

GauCho-FCOS
53.23 ± 1.33
[51.57, 54.88]

67.37 ± 0.62
[66.61, 68.14]

29.26 ± 1.95
[26.84, 31.68]

74.11 ± 0.66
[73.29, 74.93]

GRIT-OBB
56.94 ± 2.67
[53.62, 60.25]

69.11 ± 0.76
[68.17, 70.05]

35.09 ± 1.97
[32.64, 37.53]

71.43 ± 1.10
[70.07, 72.79]

4.2.2. Class-Level Localization

Figure 4 shows substantial differences in localization performance across the 15
anatomical classes. GRIT-OBB achieved the highest mean AP50 in nine classes, tied for
the heart, and fell below the strongest baseline in five. The heatmap shows the absolute
accuracy of each method, while the difference plot identifies the classes in which GRIT-OBB
outperformed the strongest baseline.

GRIT-OBB performed best on the whole heart and cardiac chambers. It achieved 100%
AP50 for the heart, matching Rotated RetinaNet, R3Det, and S2A-Net. The right atrium
reached approximately 88.2%, while the left atrium, left ventricle, and right ventricle each
exceeded 70%. These results indicate stronger localization of the overall heart and chamber
regions than of several finer anatomical targets. However, whole-heart detection does not
distinguish GRIT-OBB from the other leading methods; its advantages are more apparent
within the heart.

The largest improvements occurred for the interventricular septum, mitral valve, and
right ventricle. Their AP50 values reached 55.91%, 37.03%, and 70.65%, compared with
38.11%, 23.48%, and 59.87% for the respective strongest baselines. The gains, therefore,
span septal, valvular, and chamber structures. While the mitral valve showed a substantial
improvement over the strongest baseline, its absolute AP50 remained well below that of the
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chambers. Similarly, the interatrial septum and foramen ovale outperformed their strongest
baselines, but their AP50 values remained at approximately 13.7% and 18.7%, respectively.
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Figure 4. Class-specific localization performance on the FOCUS dataset. The heatmap shows five-seed
mean AP50 for all 15 annotation classes and seven models; the GRIT-OBB column is outlined. Darker
blue cells indicate higher AP50, whereas lighter yellow cells indicate lower AP50, on a common scale
from 0 to 100%. The right panel shows the difference between GRIT-OBB and the highest baseline
mean for each class, calculated by subtracting the baseline score from the GRIT-OBB score, with both
scores expressed as percentages. The strongest baseline may differ across classes, and negative values
indicate lower AP50 for GRIT-OBB.

The weakest results were observed for atrioventricular valve offset and the cardiac
apex, with AP50 values of 4.01% and 11.76%, respectively. The moderator band also re-
mained difficult, at approximately 15.8%. GRIT-OBB trailed the strongest baseline for these
three classes, as well as for the descending aorta and spine. However, the latter two retained
substantially higher absolute AP50 values, approximately 67.3% and 55.7%, illustrating
that a relative disadvantage does not necessarily imply poor localization. Overall, the
class results show strong chamber localization and substantial gains for selected internal
structures, while fine anatomical landmarks and several small intracardiac targets remain
the main weaknesses.
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4.2.3. Qualitative Comparison

Figure 5 presents two images from the FOCUS dataset: the first row illustrates stronger
GRIT-OBB localization, while the second shows remaining detection errors. Each row
compares the ground truth, six baselines, and GRIT-OBB using the same image crop
and class colors. The comparison examines whether predictions recover the annotated
structures and match their positions, extents, and orientations.

Ground
truth

Rotated
RetinaNet R3Det S2A-Net

Oriented-
DETR O2-RT-DETR

GauCho-
FCOS GRIT-OBB

Heart AV offset Cardiac apex Descending aorta Foramen ovale
Interatrial septum Interventricular septum Left atrium Left ventricle Mitral valve
Moderator band Right atrium Right ventricle Spine Tricuspid valve

Figure 5. Qualitative comparison on the FOCUS dataset. The first row illustrates stronger overall
localization, while the second highlights remaining errors in detection and localization for small
anatomical structures. Columns show the ground-truth annotations, six baseline detectors, and
GRIT-OBB, with consistent class colors and the same image crop within each row.

In the first row, GRIT-OBB predicted oriented bounding boxes that closely matched
the ground-truth position, extent, and orientation of the whole heart. The left atrium, right
atrium, and left ventricle were also localized, together with the interventricular septum,
descending aorta, and spine. Several baseline detectors produced displaced or additional
bounding boxes, whereas GRIT-OBB showed closer agreement with the annotations across
these structures.

In the second row, GRIT-OBB successfully localized the whole heart and all four
cardiac chambers, as well as the mitral valve, tricuspid valve, interventricular septum,
moderator band, descending aorta, and spine. However, the interatrial septum was missed,
and the oriented bounding box for the foramen ovale did not adequately overlap its
annotation. Additional predictions were also present. This example illustrates localized
errors in smaller anatomical structures despite accurate detection of most annotated targets.

Together, these examples show that accurate localization of the heart and cardiac
chambers can coexist with missed or imprecisely localized smaller structures. They com-
plement the class-level results by illustrating both the anatomical coverage achieved by
GRIT-OBB and the remaining need to improve detection and bounding-box localization of
small cardiac structures.

4.2.4. Five-Fold Cross-Validation

Table 4 reports the five-fold results on FOCUS. Mean AP50 was 41.35%, with a sample
standard deviation of 1.77%; AP75 and mAP50:95 were 7.01% and 14.66%, respectively.
AP50 ranged from 38.72% to 42.73% across the five test folds. These results describe
performance across alternative image-level partitions of the dataset.
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Table 4. Five-fold cross-validation of GRIT-OBB on FOCUS. All metrics are expressed as percentages.
The final row reports the mean and sample SD across folds.

Fold AP50 AP75 mAP50:95 AR@100

1 42.73 8.89 15.64 30.63
2 38.72 7.23 14.24 28.85
3 42.45 7.19 14.65 30.02
4 42.55 6.39 15.38 31.10
5 40.31 5.33 13.37 29.59
Mean ± SD 41.35 ± 1.77 7.01 ± 1.31 14.66 ± 0.91 30.04 ± 0.88

Fold Micro-F1 Matched IoU FROC Mean moLRP

1 56.56 69.62 32.20 71.34
2 51.62 70.18 30.39 74.82
3 49.34 68.87 34.02 74.17
4 51.77 68.88 31.91 74.00
5 41.89 67.70 28.54 76.65
Mean ± SD 50.24 ± 5.35 69.05 ± 0.93 31.41 ± 2.06 74.20 ± 1.91

The cross-validation means were lower than the original fixed-partition means of
47.74% AP50, 8.53% AP75, and 16.81% mAP50:95. The two evaluations use different
training and test partitions. The cross-validation results therefore provide an additional
estimate of performance across image-level splits, while the fixed-partition experiment
provides the comparison with the six baseline detectors.

4.2.5. Localization Error Analysis

We analyzed the full model’s predictions from five training runs on the FOCUS test
set, using each run’s validation-selected confidence threshold. Predictions were matched
to the ground truth within each class in descending order of confidence, with one-to-one
matching at rotated IoU thresholds of 0.25 and 0.50. Center displacement was normalized
by the ground-truth diagonal. Angular error was the smaller orientation difference modulo
180 degrees; targets with a long-to-short-side ratio below 1.1 were excluded from angle
summaries because their orientation is ambiguous. Dimension errors were the absolute
natural logarithms of predicted-to-ground-truth long- and short-side ratios. Small, medium,
and large groups were defined using the lower and upper tertiles of image-normalized
target area in the training annotations, corresponding to area fractions of 0.00514 and
0.01394.

As shown in Table 5, small targets showed the largest loss of recall when the matching
threshold increased from 0.25 to 0.50, falling from 41.02% to 28.52%, compared with 86.57%
to 83.58% for large targets. At IoU 0.50, small targets also had greater normalized center
displacement (0.069 versus 0.045) and short-side error (0.176 versus 0.099) than large targets.
Their short-side error exceeded their long-side error (0.116), indicating that estimating
dimensions along the shorter axis is a particular difficulty. Angular errors among matched
small and large targets were closer, at 5.80 and 5.50 degrees, respectively. This analysis
identifies small-target retrieval, relative center displacement, and short-side estimation as
important limitations of precise localization.

Figure 6 illustrates six small-structure failure cases from the test predictions. The
tricuspid and mitral valves were missed at the validation-selected confidence threshold of
0.4644. Predictions for the foramen ovale, descending aorta, atrioventricular valve offset,
and moderator band showed insufficient overlap with ground truth, with IoU values of
approximately 0.39-0.45. Small targets were defined by the lower training-set tertile of
normalized annotation area (0.00514). These examples illustrate missed detections and
errors in position or extent; they were selected to show failure modes rather than estimate
their frequency.
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Table 5. Localization errors by target size on FOCUS. Values are mean and sample SD across five
runs: recall is calculated per run, while geometric errors summarize the per-run median among
matched targets. Lower geometric errors are better. N denotes the number of ground-truth targets.
Center error is normalized by the target diagonal; long- and short-side errors are absolute log ratios.
Unmatched targets contribute to recall but not to geometric-error summaries.

Matching IoU: 0.25

Size N Recall (%) Center Error Angle (◦) Long Side Short Side

All 455 60.44 ± 6.02 0.061 ± 0.004 6.18 ± 0.26 0.114 ± 0.007 0.129 ± 0.010
Small 176 41.02 ± 10.50 0.079 ± 0.015 6.26 ± 0.62 0.135 ± 0.017 0.217 ± 0.029
Medium 145 59.86 ± 4.40 0.066 ± 0.005 7.39 ± 2.16 0.125 ± 0.013 0.144 ± 0.017
Large 134 86.57 ± 2.53 0.047 ± 0.002 5.71 ± 0.23 0.097 ± 0.012 0.100 ± 0.011

Matching IoU: 0.50

Size N Recall (%) Center Error Angle (◦) Long Side Short Side

All 455 52.18 ± 3.34 0.055 ± 0.004 5.95 ± 0.37 0.102 ± 0.007 0.116 ± 0.010
Small 176 28.52 ± 4.78 0.069 ± 0.008 5.80 ± 0.92 0.116 ± 0.015 0.176 ± 0.024
Medium 145 51.86 ± 3.50 0.061 ± 0.005 7.19 ± 2.08 0.113 ± 0.015 0.126 ± 0.012
Large 134 83.58 ± 1.90 0.045 ± 0.002 5.50 ± 0.46 0.093 ± 0.014 0.099 ± 0.011

Missed: no same-class detection above threshold

(a) Tricuspid valve

Missed: no same-class detection above threshold

(b) Mitral valve

Localization error: IoU = 0.45

(c) Foramen ovale

Localization error: IoU = 0.45

(d) Descending aorta

Localization error: IoU = 0.45

(e) AV offset

Localization error: IoU = 0.39

(f) Moderator band

Ground truth Prediction

Figure 6. Representative small-structure failures on FOCUS. Enlarged regions show ground truth
in solid green and same-class predictions in dashed pink. Panels (a,b) show missed targets at the
validation-selected confidence threshold; panels (c–f) show localization errors with rotated IoU below
0.5. Only the target class is displayed.
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4.3. Evaluation on Additional Imaging Modalities

Tables 6 and 7 report the same eight metrics for the OCD and AU-OPG datasets, with
a separate model trained on each dataset. On the OCD dataset, GRIT-OBB achieved a mean
AP50 of 73.14%, AP75 of 18.97%, and mAP50:95 of 30.77%, corresponding to improvements
of 12.40%, 13.54%, and 11.28% over the strongest baseline values, respectively. GauCho-
FCOS provided the strongest baseline AP50 and mAP50:95 values of 60.74% and 19.49%,
while S2A-Net provided the strongest baseline AP75 of 5.43%. The gains, therefore, extend
to stricter cell localization.

Table 6. Summary results on the OCD dataset. The first line reports the mean ± sample SD, and the
second reports the 95% training-seed t confidence interval (n = 5). Values in red and blue indicate
the best and second-best unrounded means for each metric, respectively; rankings do not indicate
statistical significance.

Model AP50 ↑ AP75 ↑ mAP50:95 ↑ AR@100 ↑

Rotated RetinaNet 39.96 ± 14.78
[21.60, 58.31]

3.66 ± 2.04
[1.13, 6.20]

12.70 ± 5.60
[5.75, 19.66]

17.44 ± 6.08
[9.89, 24.98]

R3Det 42.45 ± 8.11
[32.37, 52.52]

1.94 ± 0.78
[0.97, 2.91]

11.85 ± 2.79
[8.38, 15.32]

16.75 ± 2.72
[13.38, 20.13]

S2A-Net 55.97 ± 3.45
[51.69, 60.26]

5.43 ± 2.12
[2.79, 8.06]

18.36 ± 2.31
[15.49, 21.23]

23.24 ± 2.07
[20.67, 25.81]

Oriented-DETR 37.33 ± 3.36
[33.16, 41.50]

2.49 ± 0.68
[1.64, 3.34]

10.64 ± 1.45
[8.84, 12.44]

23.57 ± 0.80
[22.58, 24.55]

O2-RT-DETR 46.05 ± 5.80
[38.85, 53.25]

3.56 ± 1.52
[1.67, 5.45]

14.72 ± 2.85
[11.19, 18.26]

24.82 ± 1.82
[22.57, 27.08]

GauCho-FCOS 60.74 ± 4.36
[55.32, 66.15]

3.95 ± 1.88
[1.62, 6.27]

19.49 ± 3.41
[15.25, 23.72]

25.52 ± 2.73
[22.12, 28.91]

GRIT-OBB 73.14 ± 1.70
[71.03, 75.25]

18.97 ± 3.54
[14.58, 23.37]

30.77 ± 1.99
[28.30, 33.24]

36.61 ± 1.93
[34.21, 39.01]

Model Micro-F1 ↑ Matched IoU ↑ FROC Mean ↑ oLRPpool ↓

Rotated RetinaNet 47.70 ± 15.56
[28.39, 67.02]

65.94 ± 2.22
[63.18, 68.70]

24.41 ± 11.32
[10.36, 38.46]

76.28 ± 7.31
[67.20, 85.35]

R3Det 51.45 ± 7.01
[42.75, 60.16]

64.63 ± 0.92
[63.49, 65.78]

23.62 ± 9.24
[12.14, 35.10]

76.06 ± 4.27
[70.76, 81.36]

S2A-Net 63.07 ± 2.25
[60.27, 65.87]

66.84 ± 1.04
[65.55, 68.14]

35.61 ± 6.33
[27.74, 43.47]

67.97 ± 2.18
[65.26, 70.68]

Oriented-DETR 45.23 ± 2.85
[41.69, 48.78]

65.61 ± 1.04
[64.32, 66.89]

9.78 ± 2.52
[6.65, 12.90]

80.15 ± 2.02
[77.65, 82.65]

O2-RT-DETR 50.56 ± 3.84
[45.79, 55.33]

66.13 ± 1.22
[64.62, 67.64]

17.22 ± 5.48
[10.42, 24.03]

76.55 ± 3.09
[72.71, 80.39]

GauCho-FCOS 67.86 ± 2.79
[64.41, 71.32]

66.77 ± 1.46
[64.96, 68.59]

34.48 ± 7.55
[25.11, 43.85]

64.96 ± 2.96
[61.29, 68.63]

GRIT-OBB 72.95 ± 1.63
[70.92, 74.98]

72.13 ± 0.95
[70.95, 73.31]

50.57 ± 2.58
[47.37, 53.77]

56.98 ± 1.67
[54.91, 59.05]

On the AU-OPG dataset, GRIT-OBB achieved a mean AP50 of 82.65%, AP75 of 59.66%,
and mAP50:95 of 50.66%, corresponding to improvements of 2.41%, 7.27%, and 3.88% over
the strongest baseline values, respectively. GauCho-FCOS achieved the three strongest
baseline values: 80.24%, 52.39%, and 46.78%.
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Across these independently trained models, improvements in both AP50 and AP75
support the method’s applicability to cell and dental localization, as well as fetal ultrasound.

Table 7. Summary results on the AU-OPG dataset. The first line reports the mean ± sample SD, and
the second reports the 95% training-seed t confidence interval (n = 5). Values in red and blue indicate
the best and second-best unrounded means for each metric, respectively; rankings do not indicate
statistical significance.

Model AP50 ↑ AP75 ↑ mAP50:95 ↑ AR@100 ↑

Rotated RetinaNet
77.01 ± 1.59
[75.04, 78.98]

47.89 ± 3.86
[43.09, 52.68]

43.73 ± 1.71
[41.60, 45.86]

60.39 ± 0.88
[59.30, 61.48]

R3Det
78.68 ± 0.87
[77.60, 79.76]

41.43 ± 3.41
[37.20, 45.66]

42.37 ± 1.16
[40.93, 43.81]

55.73 ± 1.15
[54.30, 57.16]

S2A-Net
80.14 ± 0.43
[79.61, 80.67]

49.61 ± 2.33
[46.71, 52.51]

45.55 ± 0.89
[44.45, 46.66]

59.21 ± 0.47
[58.63, 59.80]

Oriented-DETR
72.15 ± 1.17
[70.70, 73.60]

49.02 ± 3.03
[45.26, 52.78]

43.22 ± 1.65
[41.17, 45.28]

67.83 ± 1.44
[66.04, 69.62]

O2-RT-DETR
66.62 ± 5.02
[60.38, 72.86]

41.63 ± 3.75
[36.97, 46.29]

38.51 ± 2.79
[35.05, 41.98]

61.15 ± 0.53
[60.50, 61.80]

GauCho-FCOS
80.24 ± 0.74
[79.32, 81.16]

52.39 ± 2.08
[49.81, 54.98]

46.78 ± 0.66
[45.97, 47.60]

61.83 ± 0.55
[61.15, 62.51]

GRIT-OBB
82.65 ± 1.07
[81.32, 83.97]

59.66 ± 2.97
[55.97, 63.35]

50.66 ± 1.17
[49.21, 52.12]

67.21 ± 0.62
[66.44, 67.99]

Model Micro-F1 ↑ Matched IoU ↑ FROC Mean ↑ oLRPpool ↓

Rotated RetinaNet
78.19 ± 1.59
[76.22, 80.16]

80.47 ± 0.58
[79.75, 81.19]

61.88 ± 2.74
[58.48, 65.28]

47.60 ± 2.25
[44.80, 50.39]

R3Det
78.73 ± 1.25
[77.18, 80.28]

78.41 ± 0.72
[77.51, 79.31]

64.54 ± 2.47
[61.48, 67.61]

48.53 ± 1.34
[46.87, 50.19]

S2A-Net
80.41 ± 0.84
[79.38, 81.45]

79.92 ± 0.39
[79.44, 80.40]

65.14 ± 2.46
[62.08, 68.20]

45.75 ± 0.99
[44.53, 46.98]

Oriented-DETR
70.78 ± 1.61
[68.78, 72.79]

81.43 ± 0.65
[80.63, 82.24]

53.22 ± 3.59
[48.77, 57.68]

54.99 ± 1.85
[52.69, 57.28]

O2-RT-DETR
67.63 ± 3.43
[63.37, 71.88]

80.04 ± 0.56
[79.34, 80.74]

48.27 ± 5.99
[40.83, 55.70]

58.14 ± 3.53
[53.76, 62.52]

GauCho-FCOS
79.74 ± 0.54
[79.07, 80.41]

80.50 ± 0.51
[79.87, 81.13]

62.71 ± 3.19
[58.75, 66.68]

46.00 ± 0.60
[45.26, 46.74]

GRIT-OBB
80.69 ± 1.85
[78.40, 82.99]

82.54 ± 0.30
[82.16, 82.91]

70.01 ± 2.61
[66.77, 73.25]

43.36 ± 2.20
[40.63, 46.09]

4.4. Performance Under Geometric and Visibility Perturbations

GRIT-OBB achieved the highest mean corrupted accuracy across the 12 perturbation
conditions on all three datasets. Its r-mAP reached 11.56 ± 0.70% on FOCUS, 24.18 ± 1.10%
on OCD, and 34.54 ± 0.44% on AU-OPG, compared with the strongest baseline values of
10.58%, 14.20%, and 30.32%, respectively. Figure 7 shows how this aggregate performance
varies with rotation, target scale, and occlusion.
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Figure 7. Detection accuracy under geometric and visibility perturbations on the FOCUS, OCD, and
AU-OPG datasets. (A–C) mAP50:95 on the FOCUS dataset under rotation, downscaling, and target-
aware occlusion, respectively; lines connect five-seed means, and error bars show 95% training-seed
t intervals. (D,E) Mean accuracy across the 12 perturbation conditions (r-mAP) on the OCD and
AU-OPG datasets, respectively; larger symbols and horizontal intervals indicate five-seed means and
95% training-seed t intervals.

On the FOCUS dataset, GRIT-OBB led at all four downscaling factors, with mAP50:95
values of 16.46%, 13.37%, 8.40%, and 2.63% as the scale factor decreased from 0.85 to 0.40.
Under rotation, it obtained 16.35%, 15.80%, and 12.25% at 5◦, 10◦, and 20◦. At 30◦, its 7.21%
was below S2A-Net’s 7.66% and GauCho-FCOS’s 7.72%. Occlusion reduced GRIT-OBB
accuracy from 13.25% at 10% coverage to 10.18% at 40%, with S2A-Net leading at all four
levels. GRIT-OBB therefore showed its clearest advantage on the FOCUS dataset under
downscaling, while large rotations and occlusion remained more challenging.

Figure 8 compares GRIT-OBB with each baseline at every perturbation level. This
shows whether the aggregate gains hold across individual conditions.
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Figure 8. Condition-specific detection accuracy differences on the FOCUS, OCD, and AU-OPG
datasets. Cells show the five-seed mean mAP50:95 of GRIT-OBB minus that of each baseline under
12 rotation, downscaling, and occlusion conditions. All panels share a symmetric scale centered at
zero. Teal favors GRIT-OBB and brown favors the baseline; darker shades indicate larger absolute
differences, and near-white cells indicate differences close to zero.

GRIT-OBB outperformed every baseline in all 72 condition-specific comparisons on
OCD and in 71 of 72 comparisons on AU-OPG; the exception was GauCho-FCOS at 40%
occlusion. On FOCUS, all downscaling comparisons favored GRIT-OBB, while negative
differences occurred under the strongest rotation and several occlusion conditions. At the
smallest AU-OPG scale, GRIT-OBB reached 0.71% mAP50:95, showing the substantial loss
of accuracy when target resolution is severely reduced.

Tables 8–10 distinguish absolute accuracy from retention relative to clean performance.
GRIT-OBB led r-mAP and worst-case severe accuracy on all three datasets. It also achieved
the highest mean RR-AUC on OCD and AU-OPG, at 84.01% and 74.67%, respectively. On

https://doi.org/10.3390/bioengineering13111301

https://doi.org/10.3390/bioengineering13111301


Bioengineering 2026, 13, 1301 27 of 38

FOCUS, its RR-AUC was 75.13%, compared with 77.75% for R3Det. Thus, the FOCUS
advantage is strongest in absolute detection accuracy, whereas OCD and AU-OPG show
gains in both accuracy and relative retention.

Table 8. Robustness results on the FOCUS dataset. Metrics summarize clean accuracy, mean accuracy
across 12 perturbation conditions (r-mAP), clean-normalized accuracy retention (RR-AUC), and worst-
case accuracy across the most severe conditions. Entries report the mean ± sample SD, followed
by the 95% training-seed t interval (n = 5). Red and blue indicate the best and second-best means,
respectively, without implying statistical significance.

Model Clean mAP ↑ r-mAP ↑ RR-AUC ↑ Worst-Case Severe
Accuracy ↑

Rotated RetinaNet 12.40 ± 1.71
[10.28, 14.52]

8.87 ± 1.40
[7.14, 10.61]

77.18 ± 1.60
[75.19, 79.16]

0.76 ± 0.37
[0.30, 1.22]

R3Det 13.87 ± 1.73
[11.73, 16.02]

9.93 ± 0.90
[8.81, 11.04]

77.75 ± 3.14
[73.85, 81.65]

1.11 ± 0.42
[0.58, 1.63]

S2A-Net 14.80 ± 0.42
[14.28, 15.32]

10.58 ± 0.40
[10.09, 11.08]

76.85 ± 1.74
[74.69, 79.00]

1.03 ± 0.14
[0.85, 1.21]

Oriented-DETR 9.23 ± 0.96
[8.04, 10.42]

5.64 ± 0.49
[5.04, 6.25]

68.46 ± 1.45
[66.65, 70.26]

0.31 ± 0.15
[0.11, 0.50]

O2-RT-DETR 6.51 ± 0.99
[5.28, 7.75]

3.56 ± 0.43
[3.02, 4.10]

61.89 ± 2.68
[58.57, 65.22]

0.07 ± 0.04
[0.01, 0.12]

GauCho-FCOS 14.49 ± 0.46
[13.92, 15.07]

10.48 ± 0.49
[9.87, 11.09]

77.51 ± 1.40
[75.77, 79.25]

2.21 ± 0.38
[1.74, 2.69]

GRIT-OBB 16.81 ± 0.19
[16.57, 17.04]

11.56 ± 0.70
[10.70, 12.43]

75.13 ± 3.11
[71.26, 78.99]

2.63 ± 0.49
[2.02, 3.23]

Table 9. Robustness results on the OCD dataset. Clean mAP denotes mAP50:95 on unperturbed
images with shared preprocessing. The r-mAP averages mAP50:95 across four rotation angles (5◦, 10◦,
20◦, 30◦), four scale factors (0.85, 0.70, 0.55, 0.40), and four occlusion fractions (0.10, 0.20, 0.30, 0.40).
RR-AUC is the mean area under the clean-normalized accuracy curve across the three perturbation
families. Worst-case severe accuracy is the lowest mAP50:95 under 30◦ rotation, 0.40 scaling, or 40%
occlusion. The first line reports the mean ± sample SD, and the second reports the 95% training-seed
t confidence interval (n = 5). Values in red and blue indicate the best and second-best unrounded
means for each metric, respectively; rankings do not indicate statistical significance.

Model Clean mAP ↑ r-mAP ↑ RR-AUC ↑ Worst-Case Severe
Accuracy ↑

Rotated RetinaNet 12.70 ± 5.60
[5.75, 19.65]

8.98 ± 3.94
[4.09, 13.87]

77.33 ± 1.43
[75.56, 79.11]

1.34 ± 0.80
[0.35, 2.33]

R3Det 11.85 ± 2.79
[8.38, 15.32]

8.62 ± 1.73
[6.47, 10.77]

79.71 ± 5.66
[72.68, 86.73]

1.53 ± 0.48
[0.94, 2.12]

S2A-Net 18.36 ± 2.31
[15.49, 21.23]

12.85 ± 1.42
[11.09, 14.62]

76.71 ± 1.88
[74.38, 79.05]

1.82 ± 0.40
[1.32, 2.31]

Oriented-DETR 10.68 ± 1.32
[9.05, 12.32]

7.74 ± 0.97
[6.53, 8.95]

78.69 ± 2.56
[75.52, 81.87]

1.95 ± 0.65
[1.15, 2.75]

O2-RT-DETR 14.72 ± 2.85
[11.19, 18.26]

10.17 ± 1.75
[7.99, 12.34]

75.33 ± 3.21
[71.34, 79.32]

2.63 ± 0.88
[1.53, 3.72]

GauCho-FCOS 19.77 ± 2.62
[16.53, 23.02]

14.20 ± 2.13
[11.55, 16.85]

77.55 ± 3.35
[73.40, 81.71]

2.03 ± 0.94
[0.87, 3.19]

GRIT-OBB 30.77 ± 1.99
[28.30, 33.24]

24.18 ± 1.10
[22.81, 25.54]

84.01 ± 1.92
[81.63, 86.38]

9.06 ± 0.93
[7.90, 10.21]
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Table 10. Robustness results on the AU-OPG dataset. Clean mAP denotes mAP50:95 on unperturbed
images with shared preprocessing. The r-mAP averages mAP50:95 across four rotation angles (5◦, 10◦,
20◦, 30◦), four scale factors (0.85, 0.70, 0.55, 0.40), and four occlusion fractions (0.10, 0.20, 0.30, 0.40).
RR-AUC is the mean area under the clean-normalized accuracy curve across the three perturbation
families. Worst-case severe accuracy is the lowest mAP50:95 under 30◦ rotation, 0.40 scaling, or 40%
occlusion. The first line reports the mean ± sample SD, and the second reports the 95% training-seed
t confidence interval (n = 5). Values in red and blue indicate the best and second-best unrounded
means for each metric, respectively; rankings do not indicate statistical significance.

Model Clean mAP ↑ r-mAP ↑ RR-AUC ↑ Worst-Case Severe
Accuracy ↑

Rotated RetinaNet 43.73 ± 1.71
[41.60, 45.86]

28.01 ± 1.22
[26.50, 29.52]

70.53 ± 0.51
[69.90, 71.17]

0.08 ± 0.06
[0.01, 0.15]

R3Det 42.37 ± 1.16
[40.93, 43.81]

27.59 ± 1.05
[26.28, 28.89]

71.43 ± 1.01
[70.17, 72.69]

0.05 ± 0.03
[0.01, 0.08]

S2A-Net 45.55 ± 0.89
[44.45, 46.66]

29.69 ± 0.81
[28.69, 30.69]

71.54 ± 0.62
[70.76, 72.31]

0.14 ± 0.08
[0.05, 0.24]

Oriented-DETR 43.33 ± 1.75
[41.15, 45.50]

26.95 ± 1.24
[25.40, 28.49]

68.82 ± 0.88
[67.73, 69.90]

0.11 ± 0.05
[0.04, 0.17]

O2-RT-DETR 38.51 ± 2.79
[35.05, 41.97]

23.84 ± 2.05
[21.29, 26.39]

68.35 ± 1.52
[66.46, 70.24]

0.05 ± 0.05
[−0.01, 0.10]

GauCho-FCOS 46.98 ± 0.62
[46.21, 47.75]

30.32 ± 1.06
[28.99, 31.64]

70.91 ± 1.68
[68.83, 73.00]

0.05 ± 0.05
[−0.02, 0.11]

GRIT-OBB 50.66 ± 1.17
[49.21, 52.12]

34.54 ± 0.44
[33.99, 35.09]

74.67 ± 1.52
[72.77, 76.56]

0.71 ± 0.19
[0.47, 0.95]

Across the three datasets, GRIT-OBB achieved the highest average detection accuracy
under the evaluated perturbations, with paired bootstrap comparisons supporting the
r-mAP gains over all six baselines (all 18 Holm-adjusted p ≤ 0.0026). For the following
comparisons, differences were calculated by subtracting the baseline r-mAP from the GRIT-
OBB r-mAP, with both scores expressed as percentages. The mean differences were 0.98
on the FOCUS dataset (S2A-Net; 95% paired bootstrap confidence interval [0.37, 1.72];
Holm-adjusted p = 0.0026), 9.98 on the OCD dataset (GauCho-FCOS; 95% interval [4.90,
13.91]), and 4.22 on the AU-OPG dataset (GauCho-FCOS; 95% interval [3.55, 4.99]). Its
advantage is consistent across downscaling conditions in FOCUS and across nearly all
individual conditions in OCD and AU-OPG. The mean RR-AUC difference relative to the
strongest baseline, calculated from scores expressed as percentages, was larger on the OCD
dataset (4.30) than on the AU-OPG dataset (3.13), indicating that robustness varies with
both image modality and perturbation type.

4.5. Component Ablation

The final experiment tested the contributions of geometric correction, regional interac-
tion, and joint overlap supervision on the FOCUS dataset. The three ablated configurations
are labeled w/o geometry correction, w/o geometry relation, and w/o dual-stage IoU,
respectively, removing the correction pathway, the relation residual, or both stage-specific
IoU losses. Without geometric correction, horizontal proposals became the second-stage ref-
erences and the first-stage regression and IoU losses were omitted; second-stage sampling
retained the same context factors. The relation and IoU ablations retained the correction
pathway. Figure 9 compares AP across overlap thresholds and sensitivity across false-
positive budgets. GRIT-OBB achieved the highest mean AP50, AP75, and mAP50:95;
Table 11 reports all eight metrics and training-run variability.
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Figure 9. Component ablation on the FOCUS dataset. (a) Rotated AP at IoU thresholds 0.25, 0.50,
and 0.75. (b) FROC sensitivity at 0.25, 0.5, 1, and 2 false positives per image. Markers show five-
seed means, with pointwise 95% training-seed t intervals as shaded bands. Straight lines connect
the mean values at the evaluated IoU thresholds and false-positive budgets. FROC budgets were
obtained by scanning prediction scores, independently of the validation-selected operating threshold.
The ablated configurations remove geometric correction (w/o geometry correction), the geometric
relation residual (w/o geometry relation), or both stage-specific IoU losses (w/o dual-stage IoU). All
configurations used the same fixed test partition.

Table 11. Component ablation results on the FOCUS dataset. The ablated configurations remove
geometric correction (w/o geometry correction), the geometric relation residual (w/o geometry
relation), or both stage-specific IoU losses (w/o dual-stage IoU). The first line reports the mean ±
sample SD, and the second reports the 95% training-seed t confidence interval (n = 5). Values in red
and blue indicate the best and second-best unrounded means for each metric, respectively; rankings
do not indicate statistical significance.

Model AP50 ↑ AP75 ↑ mAP50:95 ↑ AR@100 ↑

GRIT-OBB 47.74 ± 1.46
[45.93, 49.56]

8.53 ± 0.59
[7.80, 9.25]

16.81 ± 0.19
[16.57, 17.04]

30.28 ± 0.77
[29.32, 31.24]

w/o geometry correction 43.44 ± 2.03
[40.92, 45.96]

7.13 ± 1.37
[5.44, 8.83]

15.20 ± 0.90
[14.09, 16.32]

27.70 ± 1.02
[26.43, 28.96]

w/o geometry relation 46.99 ± 1.39
[45.26, 48.72]

7.68 ± 1.12
[6.30, 9.07]

16.73 ± 0.58
[16.02, 17.45]

29.39 ± 0.62
[28.62, 30.16]

w/o dual-stage IoU 45.91 ± 2.75
[42.49, 49.32]

6.59 ± 0.90
[5.47, 7.70]

15.78 ± 0.92
[14.64, 16.93]

28.87 ± 0.90
[27.76, 29.98]

Model Micro-F1 ↑ Matched IoU ↑ FROC Mean ↑ oLRPpool ↓

GRIT-OBB 56.94 ± 2.67
[53.62, 60.25]

69.11 ± 0.76
[68.17, 70.05]

35.09 ± 1.97
[32.64, 37.53]

71.43 ± 1.10
[70.07, 72.79]

w/o geometry correction 52.30 ± 2.78
[48.84, 55.75]

68.75 ± 0.49
[68.14, 69.36]

33.18 ± 1.22
[31.66, 34.69]

74.07 ± 1.66
[72.02, 76.13]

w/o geometry relation 55.90 ± 2.60
[52.68, 59.12]

69.25 ± 0.60
[68.51, 69.99]

34.45 ± 2.36
[31.52, 37.38]

72.13 ± 2.08
[69.54, 74.71]

w/o dual-stage IoU 51.82 ± 3.76
[47.15, 56.49]

68.60 ± 0.94
[67.44, 69.76]

32.76 ± 2.39
[29.78, 35.73]

74.15 ± 1.85
[71.86, 76.44]

Removing geometric correction reduced AP50 from 47.74% to 43.44%, mAP50:95
from 16.81% to 15.20%, and AR@100 from 30.28% to 27.70%. The concurrent decreases in
detection and recall support the role of corrected geometry in establishing the second-stage
sampling frame. Joint removal of the two IoU losses reduced AP75 from 8.53% to 6.59%
and mAP50:95 from 16.81% to 15.78%. At IoU 0.25, the two configurations were close:
67.52% without IoU supervision and 67.46% for GRIT-OBB. As the overlap criterion became
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stricter, direct supervision produced a clearer advantage. Micro-F1 also decreased from
56.94% to 51.82% after removal. This contrast links the combined two-stage objective to
localization quality beyond coarse target retrieval. The geometry relation residual was
associated with a small increase in mean AP50, from 46.99% for w/o geometry relation to
47.74% for GRIT-OBB, and in AP75, from 7.68% to 8.53%. FROC mean sensitivity increased
from 34.45% to 35.09%. These differences are within the observed training-seed variability,
with overlapping 95% confidence intervals. The mAP50:95 values were 16.73% for w/o
geometry relation and 16.81% for GRIT-OBB. Mean matched IoU was also similar, at
69.25% and 69.11%, respectively, so these results did not show a clear effect of the relation
residual on the overlap quality of matched detections. The FROC curves show how the
configurations behave under different false-positive budgets. At 0.25 false positives per
image, w/o geometry relation and w/o geometry correction reached sensitivities of 23.99%
and 23.69%, respectively, compared with 22.76% for GRIT-OBB. GRIT-OBB led at the other
three budgets, reaching 31.65%, 38.51%, and 47.43% at 0.5, 1, and 2 false positives per image,
respectively. Its four-budget mean was 35.09%. The complete method therefore achieved
the highest average sensitivity across the evaluated budgets, although removing either the
geometry relation or geometry correction yielded slightly higher sensitivity at 0.25 false
positives per image.

The ablation results support the roles of geometric correction, regional interaction, and
direct overlap supervision in GRIT-OBB. Corrected proposals provide a sampling reference
for improved detection and recall; regional interaction is associated with small increases in
detection metrics within the observed training-seed variability; and overlap supervision
improves localization at stricter IoU thresholds. Their integration yielded the highest
mean AP50, AP75, mAP50:95, and FROC sensitivity among the evaluated configurations,
supporting the use of proposal geometry to connect regional representation with successive
localization stages.

4.5.1. Ablation of the Geometry-Guided Relation Residual

We separately ablated the three components of the geometry-guided relation residual.
Removing positional encoding sets the Gaussian encoding added to the query and key
vectors to zero, while retaining the Wasserstein attention bias. Removing the Wasserstein
bias sets the geometric attention bias term to zero while retaining positional encoding.
Removing residual gating replaces the learned scalar gate with a fixed value of one, so the
relation update is added directly to the regional feature. The remaining relation components
are retained in each variant. Each variant was trained with seeds 0-4 on the fixed FOCUS
partition, with checkpoints selected by validation AP50. The full-model comparison uses
the corresponding five existing training runs.

As shown in Table 12, removing positional encoding produced the largest reduction in
mean AP50, from 47.74% to 44.47%, and reduced AP75 from 8.53% to 6.82%. Removing the
Wasserstein bias reduced these metrics to 45.56% and 7.14%, respectively. Both variants also
had lower mean recall, Micro-F1, matched IoU, and FROC sensitivity, and higher pooled
optimal LRP than the full model. These results support the contribution of both forms of
geometric information to regional interaction.

The ungated variant was closer to the full model in mAP50:95 (16.78% versus 16.81%),
but had lower mean AP50 (46.53% versus 47.74%) and Micro-F1 (54.45% versus 56.94%).
Its mean matched IoU was slightly higher (69.43% versus 69.11%). The full model achieved
higher AP50 and Micro-F1 than the ungated variant, while mAP50:95 remained nearly
unchanged (16.81% versus 16.78%). The ungated variant achieved a slightly higher matched
IoU (69.43% versus 69.11%).

https://doi.org/10.3390/bioengineering13111301

https://doi.org/10.3390/bioengineering13111301


Bioengineering 2026, 13, 1301 31 of 38

Table 12. Internal ablation of the geometry-guided relation residual on FOCUS. Values are mean and
sample SD across five training seeds, expressed as percentages. Higher values are better, except for
pooled optimal LRP, where lower values are better. Red and blue indicate the best and second-best
unrounded means for each metric, respectively; rankings do not indicate statistical significance.

Variant AP50 AP75 mAP50:95 AR@100

Full GRIT-OBB 47.74 ± 1.46 8.53 ± 0.59 16.81 ± 0.19 30.28 ± 0.77
w/o positional encoding 44.47 ± 1.74 6.82 ± 0.67 15.51 ± 0.75 28.79 ± 1.01
w/o Wasserstein bias 45.56 ± 1.25 7.14 ± 1.22 16.02 ± 0.82 29.16 ± 0.51
w/o residual gating 46.53 ± 1.86 7.87 ± 1.31 16.78 ± 0.78 29.94 ± 0.82

Variant Micro-F1 Matched IoU FROC Mean oLRPpool

Full GRIT-OBB 56.94 ± 2.67 69.11 ± 0.76 35.09 ± 1.97 71.43 ± 1.10
w/o positional encoding 53.24 ± 1.13 68.63 ± 0.64 33.18 ± 1.73 74.17 ± 0.78
w/o Wasserstein bias 52.46 ± 3.69 68.53 ± 0.55 33.25 ± 2.43 73.93 ± 1.31
w/o residual gating 54.45 ± 2.64 69.43 ± 0.99 34.23 ± 1.35 72.70 ± 1.90

4.5.2. Sensitivity to Rotated IoU Loss Weights

We varied the proposal-correction and final-refinement IoU weights individually
around the default pair (2,2), halving or doubling one coefficient while keeping the other
fixed. All configurations used training seed 0 and the fixed FOCUS partition. The four
additional runs used FP32, batch size 1, a maximum of 50 epochs, and validation-AP50
checkpoint selection. Context enlargement remained fixed at (1.2,1.4). The default row in
Table 13 uses the existing full-model seed-0 run.

Table 13. Sensitivity to the two rotated IoU loss weights on FOCUS. Each row reports one seed-0 run;
metric values are percentages. Higher values are better except for the pooled optimal LRP. Red and
blue indicate the best and second-best values for each metric, respectively.

λ1, λ2 AP50 AP75 mAP50:95 AR@100

(2, 2) (default) 47.67 9.01 16.84 29.78
(1, 2) 45.97 6.64 15.72 28.95
(4, 2) 47.29 7.39 16.88 29.96
(2, 1) 47.31 9.51 17.55 29.52
(2, 4) 44.73 5.70 14.97 28.92

λ1, λ2 Micro-F1 Matched IoU FROC Mean oLRPpool

(2, 2) (default) 58.24 69.61 36.84 71.03
(1, 2) 53.89 67.90 33.15 73.00
(4, 2) 53.51 69.42 33.24 72.84
(2, 1) 57.31 69.81 35.23 70.95
(2, 4) 51.71 68.64 31.04 75.14

The default weights (2,2) achieved the highest AP50 (47.67%), Micro-F1 (58.24%), and
FROC mean sensitivity (36.84%). Reducing the final-refinement weight to 1 increased AP75
from 9.01% to 9.51%, mAP50:95 from 16.84% to 17.55%, and matched IoU from 69.61%
to 69.81%, while reducing pooled optimal LRP from 71.03% to 70.95%. Increasing this
weight to 4 worsened all eight metrics relative to the default. Increasing the proposal-
correction weight to 4 yielded the highest AR@100 (29.96%), whereas reducing it to 1
worsened all eight metrics. These results show that stronger overlap weighting does not
consistently improve localization. The equal-weight default strikes a balance between
detection performance and localization accuracy, whereas a lower final-stage weight favors
stricter overlap metrics in this comparison.
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4.5.3. Sensitivity to Context Enlargement

We compared the default context enlargement factors (1.2,1.4) with no enlargement
(1.0,1.0), smaller factors (1.1,1.2), larger factors (1.3,1.6), and reversed factors (1.4,1.2). These
factors scale the two local side lengths of the oriented sampling region. All configurations
used training seed 0 and the fixed FOCUS partition, with both IoU loss weights fixed at 2.
The four additional runs used FP32, batch size 1, a maximum of 50 epochs, and validation-
AP50 checkpoint selection; the default row in Table 14 uses the existing full-model seed-0
run.

Table 14. Sensitivity to context enlargement on FOCUS. Each row reports one seed-0 run; values are
percentages. Higher values are better except for the pooled optimal LRP. Red and blue indicate the
best and second-best values, respectively.

αw, αh AP50 AP75 mAP50:95 AR@100

(1.2, 1.4) (default) 47.67 9.01 16.84 29.78
(1.0, 1.0) 44.27 6.96 15.74 29.32
(1.1, 1.2) 45.54 7.77 16.39 30.46
(1.3, 1.6) 43.68 8.55 15.93 29.43
(1.4, 1.2) 45.90 5.50 16.01 28.57

αw, αh Micro-F1 Matched IoU FROC Mean oLRPpool

(1.2, 1.4) (default) 58.24 69.61 36.84 71.03
(1.0, 1.0) 54.71 69.87 30.87 73.44
(1.1, 1.2) 54.77 69.74 32.36 73.02
(1.3, 1.6) 53.45 69.88 31.85 73.52
(1.4, 1.2) 50.61 68.21 31.61 74.10

The default factors achieved the highest AP50 (47.67%), AP75 (9.01%), mAP50:95
(16.84%), Micro-F1 (58.24%), and FROC mean sensitivity (36.84%), together with the lowest
pooled optimal LRP (71.03%). Smaller factors (1.1,1.2) yielded the highest AR@100 (30.46%),
whereas larger factors (1.3,1.6) yielded the highest matched IoU (69.88%). Reversing the
default factors reduced AP75 from 9.01% to 5.50%, indicating that the allocation of context
between the two local directions affects localization.

To examine dependence on target geometry, we grouped ground truth by normalized
area and long-to-short-side aspect ratio using training-set tertiles. The area boundaries
were 0.00514 and 0.01394, and the aspect-ratio boundaries were 1.26923 and 1.90792. Group
membership was determined by ground-truth geometry. We performed confidence-ordered,
class-aware one-to-one matching at IoU 0.5 over all saved post-processing candidates,
without an additional operating-threshold filter. Each group in Table 15 reports ground-
truth recall and mean IoU among matched detections; these summaries therefore differ
from the operating-point metrics in the overall table.

Increasing the factors to (1.3,1.6) raised recall for small targets from 66.48% to 73.86%
and for high-aspect-ratio targets from 71.66% to 75.94%, but reduced large-target recall
from 97.01% to 88.81% and overall AP50 from 47.67% to 43.68%. The default factors yielded
the highest recall and matched IoU for large targets, at 97.01% and 72.18%, respectively.
Thus, a larger sampling region can improve the retrieval of small or elongated targets
while reducing performance elsewhere. The default factors provide the strongest overall
detection performance among the tested configurations.
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Table 15. Context sensitivity by target size and aspect ratio. Each pair of columns reports recall
at IoU 0.5 (R) and mean matched IoU (I), in percent. Size groups contain 176, 145, and 134 targets;
aspect-ratio groups contain 135, 133, and 187 targets. Higher values are better. Red and blue indicate
the best and second-best values within each column, with ties sharing a color.

αw, αh Small R Small I Medium R Medium I Large R Large I

(1.2, 1.4) (default) 66.48 61.23 77.24 65.52 97.01 72.18
(1.0, 1.0) 67.05 61.17 79.31 65.09 92.54 71.55
(1.1, 1.2) 71.59 61.22 80.00 65.03 94.03 71.76
(1.3, 1.6) 73.86 61.26 79.31 65.09 88.81 71.96
(1.4, 1.2) 56.82 61.34 80.00 65.82 95.52 69.81

αw, αh Low AR R Low AR I Mid AR R Mid AR I High AR R High AR I

(1.2, 1.4) (default) 82.22 67.65 85.71 70.21 71.66 62.48
(1.0, 1.0) 86.67 67.20 87.97 68.03 65.78 63.05
(1.1, 1.2) 89.63 66.97 86.47 70.12 70.59 61.60
(1.3, 1.6) 82.96 66.97 82.71 69.30 75.94 62.59
(1.4, 1.2) 80.74 67.98 87.97 67.29 63.10 62.90

4.6. Computational Efficiency

We evaluated parameter counts, computational cost, and preprocessing time. All
methods used 1024 × 1024 inputs, batch size 1, and FP32 on an NVIDIA RTX 4090 D, with
TF32 disabled and one CPU tensor-operation thread. Each method retained its compatible
software environment.

Parameter counts include frozen parameters. FLOP count convolution, matrix oper-
ations, and custom sampling operators, using two operations per multiply–accumulate;
scalar geometry, nonlinearities, normalization, softmax, indexing, and NMS are excluded.
Preprocessing time included data loading, input preparation, and host-to-device transfer
and was summarized as the mean ± sample standard deviation across 50 test images from
the FOCUS dataset. Normalization implemented within the detector was excluded from
this measurement.

Table 16 shows that GRIT-OBB has the fewest parameters and the third-lowest FLOPs
among the compared methods. Its preprocessing time was 15.66 ± 1.40 ms per image.
These results characterize model size, counted arithmetic operations, and the measured
preprocessing workload; preprocessing times also depend on where each implementation
performs input preparation.

We additionally benchmarked end-to-end latency and GPU memory using the existing
seed-0 checkpoints on the same FOCUS test images for all seven methods. Each method ran
sequentially in its compatible environment, with the hardware, precision, input resolution,
and batch size settings specified above. After 20 warm-up calls, we timed one pass over
the test images with GPU synchronization. Timing included file loading and decoding,
input preparation, host-to-device transfer, native prediction with normalization and post-
processing, and output recovery to CPU coordinates. Model initialization and result
serialization were excluded. Latency is reported as the mean and sample SD across images,
together with the 95th percentile (P95). Memory values are the largest per-image PyTorch-
allocated and reserved GPU memory.
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Table 16. Parameter counts, computational cost, and preprocessing time on the FOCUS dataset
at 1024 × 1024 input resolution. Preprocessing time includes data loading, input preparation, and
host-to-device transfer and is reported as mean ± sample SD across 50 test images. Red and blue
indicate the lowest and second-lowest values in each column, respectively.

Method Parameters (M) ↓ GFLOPs ↓ Preprocess (ms) ↓
Rotated RetinaNet 36.64 430.26 2.88 ± 1.97
R3Det 47.62 909.22 3.45 ± 2.12
S2A-Net 36.47 445.49 3.29 ± 1.88
Oriented-DETR 57.08 849.94 21.85 ± 1.33
O2-RT-DETR 42.81 339.53 8.92 ± 1.11
GauCho-FCOS 32.15 412.16 32.79 ± 1.65
GRIT-OBB 28.58 418.41 15.66 ± 1.40

Table 17 shows that GRIT-OBB required 112.28 ms per image on average, with a P95
latency of 149.21 ms. It was faster than Oriented-DETR (244.67 ms) but slower than the
other five baselines (39.40-80.49 ms). Its native prediction stage took 99.23 ms, while input
preparation and transfer took 12.86 ms and output recovery took 0.19 ms on average. Peak
allocated and reserved GPU memory were 547.57 and 770.00 MiB, respectively.

Table 17. End-to-end inference latency and GPU memory on FOCUS test images. Latency is in
milliseconds per image; memory is in MiB. Lower values are better. Red and blue indicate the lowest
and second-lowest values in each column, respectively.

Method Latency (Mean ± SD) P95 Peak Allocated Peak Reserved

Rotated RetinaNet 48.27 ± 2.03 51.24 363.01 456.00
R3Det 80.49 ± 1.28 82.35 406.20 504.00
S2A-Net 52.11 ± 1.31 54.16 370.47 594.00
Oriented-DETR 244.67 ± 4.02 251.11 785.23 1090.00
O2-RT-DETR 39.40 ± 1.03 41.02 396.29 482.00
GauCho-FCOS 61.39 ± 1.86 63.73 345.87 360.00
GRIT-OBB 112.28 ± 17.20 149.21 547.57 770.00

5. Discussion
5.1. Geometry as a Shared Reference for Detection

The results support the use of proposal geometry as a shared reference for regional
feature extraction and subsequent localization. GRIT-OBB corrects proposals before feature
sampling and supervises both the corrected reference and the final detection. The reductions
in detection and recall after removing geometric correction, together with the decline in
AP75 after removing overlap supervision, suggest that proposal correction and overlap
supervision contribute to different aspects of detection and localization. Each stage receives
direct supervision, while shared feature learning connects the two stages.

The class-level results clarify where this design is most useful. Four methods achieved
100% AP50 for whole-heart detection, while GRIT-OBB’s largest gains occurred for the
interventricular septum, mitral valve, and right ventricle. These improvements are consis-
tent with the value of aligning regional features to structures embedded within a shared
anatomical field. Regional interaction further supports detection by exchanging contextual
information between aligned regions. Its geometric bias describes spatial extent and prox-
imity, allowing contextual features to complement target-aligned detail without imposing a
fixed anatomical topology.
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5.2. Robustness and Applicability Across Modalities

The perturbation experiments show how GRIT-OBB performance varies with target
orientation, resolution, and visibility. GRIT-OBB maintained a consistent advantage under
downscaling on FOCUS, while large rotations and occlusion produced less uniform gains.
This pattern suggests that aligned sampling supports detection when spatial detail is
reduced, while occlusion removes target content that feature alignment alone cannot
recover. Detection accuracy under perturbations and relative retention capture these
distinctions: GRIT-OBB had the highest r-mAP across all three datasets, but the highest
relative retention only on OCD and AU-OPG.

The results on the OCD microscopy dataset and the AU-OPG panoramic dental
radiography dataset extend the evidence to different image appearances and annotation
geometries. Improvements in strict localization across both datasets suggest that the design
that combines proposal correction, feature alignment, and bounding-box refinement is
applicable beyond fetal ultrasound. These results suggest that the method is applicable
across imaging modalities; evaluation across institutions and acquisition systems is the
next step toward assessing broader generalization.

5.3. Limitations and Future Directions

The evaluation used small fixed partitions, including 50 FOCUS test images. Five
training runs characterize the variability in optimization within these partitions, whereas
independent cohorts are needed to assess population-level generalization.

Each image was annotated by a single expert, so inter-observer agreement could
not be quantified; annotation variability, especially for small structures, may therefore
contribute to the reported errors. Future work should quantify annotation variability
through multi-reader annotation.

The size-stratified error analysis helps explain the gap between coarse detection and
precise localization. Small targets combined lower recall with greater relative center dis-
placement and short-side error than large targets. For a small structure, a given pixel
displacement occupies a larger fraction of its extent, making overlap particularly sensitive
to center and boundary errors. Improving fine spatial detail and short-axis dimension esti-
mation is therefore a priority for stricter localization. The angular-error summaries describe
matched detections, so they do not rule out large orientation errors among unmatched
targets.

Further analysis is needed to resolve the mechanisms underlying the observed gains.
The joint overlap ablation removed both stage-specific terms, so their individual effects
cannot be separated in this comparison. Direct measurements of proposal error and sam-
pling alignment, together with targeted analysis of context extent and regional interactions,
could help explain the remaining difficulties in strict localization and in classes such as the
cardiac apex, valve-offset landmarks, and the moderator band.

GRIT-OBB had the fewest parameters among the compared methods, at 28.58 million,
and the third-lowest computational cost, at 418.41 GFLOPs. The mean preprocessing
time was 15.66 ms per image. Its measured end-to-end latency was 112.28 ms per image,
corresponding to approximately 8.9 images per second at batch size 1, with peak allocated
GPU memory of 547.57 MiB. Although faster than Oriented-DETR, it remained slower than
the other five baselines. Further optimization and evaluation within clinical workflows are
needed to establish its suitability for live ultrasound assistance. The small-structure failure
cases also indicate that predictions require clinical review, particularly for missed valves
and imprecisely localized intracardiac landmarks.

Generalization across ultrasound scanners, gestational ages, imaging conditions, and
clinical populations remains to be evaluated. Differences in scanner characteristics and
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acquisition settings may affect image appearance, while gestational age changes the size
and relative proportions of cardiac structures. Acoustic shadowing, fetal position, and
variation in the imaging plane may further affect the visibility of small anatomical targets.
Although the controlled perturbation experiments examine selected changes in geometry
and visibility, they do not establish performance across these clinical sources of variation.
Likewise, the separately trained OCD and AU-OPG models demonstrate applicability to
additional imaging modalities rather than direct transfer across ultrasound populations.
Future evaluation should include external fetal ultrasound cohorts spanning multiple
scanners and gestational ages, with results stratified by image quality and normal versus
abnormal cardiac anatomy. This paper addresses static localization. Reader-assistance
studies and downstream biometric tasks could clarify its clinical utility [9,37].

6. Conclusions
We presented GRIT-OBB, an oriented method that uses supervised proposal geometry

as a shared reference for feature extraction and anatomical localization. The method
combines a supervised geometry learner, rotated position-sensitive alignment, a geometry-
guided relation residual, and direct overlap supervision at two localization stages. On
the FOCUS dataset, GRIT-OBB achieved AP50, AP75, and mAP50:95 of 47.74%, 8.53%,
and 16.81%, respectively, corresponding to improvements of 4.74%, 1.8%, and 2.01% over
the strongest baseline values. Results on the OCD microscopy dataset and the AU-OPG
panoramic dental radiography dataset further suggest that the design generalizes beyond
fetal cardiac ultrasound to other medical imaging modalities.

GRIT-OBB also achieved the highest mean mAP50:95 across the 12 geometric and
visibility perturbation conditions on each of the datasets: FOCUS, OCD, and AU-OPG.
Component ablations support the roles of corrected sampling geometry, regional context,
and overlap supervision in improving detection and localization. These findings suggest
that correcting proposal geometry before feature extraction and directly supervising both
corrected proposals and final predictions provide an effective way to connect target-aligned
representations with oriented anatomical localization.

Our code is available at: https://github.com/bill1034/GRIT-OBB (accessed on 28
October 2026).
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