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Abstract—Current oral imaging modalities, such as panoramic
radiographs and intraoral photographs, suffer from challenges
including noise, blurring, occlusions, and significant variations in
pose and scale. Intraoral photographs further exhibit specular re-
flections and complex illumination. Moreover, tooth arrangement
is governed by strict morphological and anatomical constraints.
These factors collectively pose significant challenges to accurate
tooth position detection. To address these challenges, we propose
a novel network architecture. Specifically, we introduce a Hybrid
Frequency-Spatial Attention (HFSA) capable of simultaneously
capturing both frequency and spatial features from images,
thereby enhancing the network’s robustness against various
noise conditions. Furthermore, we design a Differentiable Class-
Uniqueness Gating (UniGate) Mechanism to impose unique
indexing constraints on each tooth. Additionally, we develop an
Arch-aware Query Graph Prior (QGP), which enforces morpho-
logical and anatomical constraints on the detection process. We
validate the performance of our approach through experiments
on a public DSLR intraoral dataset, a private smartphone in-the-
wild intraoral photograph dataset, and the public DENTEX2023
benchmark. Our method achieves state-of-the-art performance
across all three datasets with AP scores of 78.3%, 54.4%, and
54.1%, respectively.

Index Terms—Tooth detection, FDI numbering, Dental imag-
ing, Deep learning, Transformers, Hybrid frequency-spatial at-
tention, Graph-based priors.

I. INTRODUCTION

Automated tooth numbering technology can assign FDI
tooth notation [1] to teeth based on dental imagery, facilitating
efficient clinical charting and the digitization of Electronic
Dental Records (EDR). However, intraoral photographs fre-
quently suffer from severe artifacts such as specular reflections
and motion blur. These artifacts degrade critical visual cues,
thereby making it difficult to maintain the strict anatomical
consistency mandated by the FDI numbering schema.

Early work adapted Faster R-CNN, SSD, and YOLO [2]-[4]
to dental radiographs and related dental imaging tasks [5]-
[8]. These pipelines deliver high throughput but still treat
tooth numbering as independent per-box classification. Anchor
designs and non-maximum suppression (NMS) require careful
tuning, and rule-based post-processing is often introduced to
remove duplicates and repair inconsistent FDI labels. Under

occlusion, crowding, label noise, and cross-device domain
shift, such heuristics frequently fail and can yield clinically
invalid numberings even if the bounding boxes are roughly
correct.

Transformer-based detectors such as DETR [9] cast de-
tection as set prediction with bipartite matching and elimi-
nate anchors and NMS. Deformable DETR [10] adds sparse
multi-scale attention for small objects. Subsequent variants
refine query design [11], [12], introduce denoising-based train-
ing [13], [14], and explore one-to-many / hybrid matching
strategies to accelerate convergence [15], [16]. Recent models
such as DEIM [17] and D-FINE [18] further improve matching
and bounding-box regression and form strong baselines on
natural images. Despite their extensive application in medical
imaging, these category-agnostic models inherently overlook
the global FDI uniqueness and dental arch topology essential
for clinical consistency. Furthermore, the significant domain
gap between natural scene and dental imagery characterized by
noise, blur, and low contrast hinders their direct applicability.

Within the dental domain, teeth possess predictable geome-
try, quadrant symmetry, and a fixed FDI sequence. Leveraging
these priors, previous methods [19]-[21] employ adjacency
graph modules or uniqueness constraints to restrict each tooth
identity to a single detection. However, the reliance of these
approaches on heavy relational branches or heuristic post-
processing complicates deployment and preserves sensitivity
to intermediate errors.

To address these challenges, we propose a novel, prior-
aware detection framework. Specifically, we introduce a Hy-
brid Frequency-Spatial Attention (HFSA) module capable of
simultaneously capturing both frequency and spatial features,
thereby enhancing network robustness against complex noise
and scale variations. To ensure clinical consistency, we in-
troduce a Differentiable Class-Uniqueness Gating (UniGate)
mechanism to enforce one-to-one FDI indexing. Combined
with a Query Graph Prior (QGP), these components embed
essential morphological and spatial topologies directly into the
detection pipeline. Validation across a public DSLR dataset,
a private smartphone in-the-wild intraoral-photograph dataset,



and the public DENTEX2023 benchmark confirms the effec-
tiveness of these contributions.

e« We propose the HFSA module, which fuses spectral
analysis with spatial attention to explicitly decouple struc-
tural features from noise, thereby significantly enhancing
robustness in uncontrolled imaging scenarios.

o We introduce UniGate and QGP to inject strict FDI logic
into the detection pipeline. UniGate reduces duplicated
FDI identities via differentiable gating on FDI-indexed
datasets, while QGP enforces morphological and topolog-
ical consistency via graph-based priors, eliminating the
need for heuristic post-processing.

o« We demonstrate the superior generalizability of our
method through extensive experiments on three diverse
datasets. Our method consistently achieves state-of-the-
art detection AP across all datasets.

II. PROPOSED METHOD

Overview. Overview. Fig. 1 illustrates our architecture. We
employ a CNN-Transformer hybrid encoder enhanced by
HFSA modules for blur-robust feature extraction. The decoder
utilizes a deformable transformer with a multi-inquiry scheme
for query initialization and refinement. To leverage domain
knowledge, we propose two priors: UniGate, which prevents
duplicate tooth indexing, and QGP, which constrains query
interactions based on dental arch topology. For datasets an-
notated with tooth categories, UniGate is disabled because
multiple instances can share the same category, while QGP
remains applicable as a topology prior.

A. HFSA

We extract multi-scale features and build a feature pyramid,
with all levels projected to a shared dimension D. HFSA is
applied to encoder-refined features and pyramid outputs to
enhance global context and multi-scale details.

Given an input feature z € RPXH*W_ HFSA contains
two parallel paths and a gated residual fusion. The frequency
path emphasizes structural details that are often weakened by
blur and highlights. We compute the real FFT & = F(x)
and construct K concentric low-pass masks {My}< | with
increasing cutoff radii. Let xl(]f ) =F (M), ® %). We form a
band decomposition using residual differences:
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Each band is modulated by a lightweight depthwise/grouped
convolution producing a spatial weight map wg(z), and the
frequency-enhanced feature is
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This design preserves smooth structures via xl(;( ) while

selectively amplifying edge-like and texture-like signals from
the residual terms.

In parallel, the spatial path injects an inductive bias aligned
with dental morphology. We use depthwise strip convolutions
to capture long-range horizontal context along the dental arch
and vertical elongated tooth patterns:
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where a relatively large k (e.g., Kk = 11) covers multiple
neighboring teeth while remaining efficient due to depthwise
computation.

Finally, HFSA fuses the two paths with a SK-style gate
conditioned on their combined response. Let s = x4 +
2P, We obtain per-channel mixing weights [a, 3] =
softmax (1) (GAP(s))), where ¢(-) is a small 1 x 1 MLP
producing 2D scores. The fused feature is /% = a © ™9 +
BEzP_ followed by a 1x 1 projection and a learnable residual
scaling:

& = + tanh(y) - Convyyq (™), 4)

where ~ is initialized near zero to stabilize optimization.
Applying HFSA at multiple scales improves tooth contours
and restores fine textures with modest overhead.

B. OGP

Pure self-attention among decoder queries is flexible but
may yield anatomically implausible configurations for den-
tistry, e.g., mixing upper/lower arches or producing inconsis-
tent ordering along the dental curve. We introduce a QGP
to regularize query interactions by restricting self-attention
to a local neighborhood defined on an estimated arch-wise
manifold.

QGP is built from the normalized reference points of the
main queries {r; € [0,1]2}%., (excluding denoising queries).
Let r; = (x;,y;). We first assign each query to an arch using
its vertical coordinate,

upper, y; < 0.5,
9i = &)
lower, 1vy; > 0.5,

which matches our implementation where only upper/lower
grouping is used to avoid breaking connectivity around central
incisors. Within each arch, we map the 2D points to a 1D curve
parameter ¢; that reflects their progression along the dental
arch. In practice, we compute ¢; by (i) fitting a simple arch
curve when the points are sufficiently stable, and (ii) falling
back to the horizontal coordinate z; during early training or
when curve fitting is unreliable; this mirrors the robust choice
in our implementation.

Given {t;}, QGP constructs a local graph by selecting &
nearest neighbors on the 1D manifold within the same arch:

N (i) = aygtopk(—m —t5]). (6)
J:95=9i

We then form a boolean attention mask to block all non-
neighbor interactions:

Ay — {O, j € Ni(i) or j =1, -

—o00, otherwise,
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Fig. 1. Framework of the proposed method. (a) DETR-style pipeline with an HFSA-enhanced encoder and a deformable decoder equipped with UniGate
and QGP. (b) HFSA fuses Fourier-domain context with strip convolutions. (c) QGP builds a dynamic k-NN arch graph to constrain query attention.

and inject it into a dedicated multi-head self-attention layer
over the main queries. This effectively turns query self-
attention into message passing on a dynamic ANN graph
whose edges are recomputed each layer from current reference
points.

The graph-updated queries §¢; are merged back with the
original queries using a gated residual update:

®)

where o(-) is the sigmoid and A is initialized to a negative
value, so QGP starts as a weak prior and gradually becomes
effective as training progresses. In our decoder, QGP is applied
only on several layers (e.g., intermediate layers) and only
to the main queries, leaving denoising queries and cross-
attention unchanged. This design suppresses invalid cross-
arch interactions and stabilizes arch-consistent layouts, while
still allowing local reconfiguration to handle missing teeth,
occlusions, and varied intraoral viewpoints.
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C. UniGate

In FDI-indexed tooth detection, each anatomical tooth
identity should emerge at most once per image. However
standard set-prediction losses do not explicitly encode this
global uniqueness, so that multiple queries may compete for
the same FDI index while other identities remain unused. For
this, we introduce UniGate to reshape the classification logits
towards a nearly one-to-one assignment between present FDI
indices and main queries. UniGate is enabled only on FDI-
labeled datasets and disabled on category-labeled detection.

For each training image b, we compute a binary vector
m;, € {0, 1}€ to indicate which tooth categories are present at
the ground truth. We then extract the logits of the main queries
and form a sub-matrix S, € R@m*C over the present classes,

where C, = Zc my .. After transposition and temperature
scaling, we conduct a fixed number of row—column normaliza-
tions to obtain a doubly stochastic matrix Pj, € [0, 1]“>*@m,
which can be viewed as a soft permutation [22] between
present categories and queries. Finally, we map it back to the
query-by-class layout and add a log-probability penalty to the
original logits:

Sy = Sp, + M\ log Py, 9)

where \; is a training-time strength coefficient. We apply
UniGate only to the main queries to avoid interfering with
denoising supervision.

D. Loss Function

We follow DEIM training with Hungarian matching be-
tween decoder predictions and ground-truth teeth, yielding
matched pairs M. For a matched pair (7, j) € M, the detector
predicts a box Ej and class logits §;. The detection loss is

Edet = Z
(i,5)eEM
+ /\giouﬁGIoU(l;ja b:)) .

()\clsﬁfocal(éj, )+ M Hi)j = bl
(10)

where ¢} and b] are the ground-truth FDI label and box.
Overall objective. UniGate reshapes the main-query logits
during training and is optimized implicitly through Lg.. The
total loss is

E = Ede[. (11)

We follow DEIM training and apply the same loss on inter-
mediate decoder layers and denoising queries; for brevity, we
present only the final-layer form of L.
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Fig. 2. Visual comparison of detection and numbering results on DENTEX2023 (bottom) and smartphone (top) intraoral photographs.The green boxes and
dashed lines indicate the localized enlargements for a detailed comparison of different methods.

III. EXPERIMENTS
A. Experimental Settings

Datasets and Metric. We evaluate our method on
two intraoral-photograph datasets and the DENTEX2023
panoramic-radiograph benchmark [8]. (1) A DSLR dataset
with 505/112 train/val images and 11,138/2,437 annotated
teeth in 7 categories [23]. (2) An in-the-wild Smartphone
dataset with 878/221 images and 9,837/2,459 instances anno-
tated by 52 FDI indices. (3) The DENTEX2023 enumeration
benchmark [8] with 570/64 train/val images and 16,234/1,861
instances over 32 FDI classes; test results are obtained via the
official server.

For detection evaluation, we report COCO-style bounding-
box Average Precision (AP), averaged over IoU thresholds
from 0.50 to 0.95 in increments of 0.05. Additionally, we
include AP5q and AP75, corresponding to AP at ToU = 0.50
and IoU = 0.75, respectively.

Implementation Details.

All models are implemented in PyTorch and optimized
with AdamW and a flat—cosine schedule. We train for 160
epochs with a batch size of 16 on NVIDIA 5090D GPUs.
Data augmentation follows a Dense O20-style pipeline with
standard geometric and photometric transforms. Inputs are
resized to 640 x 640, and strong augmentations are disabled
in the final epochs.

B. Performance Comparison

Table I reports the quantitative results on the DSLR, Smart-
phone, and DENTEX2023 datasets, together with parameter
counts and FLOPs to highlight the accuracy—efficiency trade-
off. Compared with the DEIM baseline, our model improves
AP by +1.3, +3.7, and +1.5 points on the DSLR, Smartphone,
and DENTEX2023 datasets, respectively, while adding only

~1.3M parameters and a small increase in FLOPs. The gains
are especially pronounced on the Smartphone set, where severe
blur, specular highlights, and framing artifacts make the task
more challenging.

Qualitatively, as illustrated in Fig. 2, most baselines either
miss ambiguous teeth or produce spurious boxes and dupli-
cated FDI indices, especially for posterior teeth in blurred
or over-exposed regions. Among them, only Dome-DETR is
roughly comparable, whereas Faster R-CNN, CAF-YOLO-
s, YOLOvl11-s, RT-DETR-1, and DEIM show more missed
detections and false positives, particularly on Smartphone
and DENTEX?2023. Our method yields tighter boxes and a
coherent numbering sequence along each arch, with fewer
missing posterior teeth and cross-arch confusions.

C. Ablation Studies

We perform ablation studies on the DENTEX?2023 to isolate
the contributions of HFSA, UniGate, and QGP under the same
training setup as the main model.

Effect of HFSA, UniGate, and QGP. Table II summarizes the
ablation results. Starting from the baseline, HFSA, UniGate,
and QGP each yield consistent improvements, and combining
all three modules achieves the best performance of 54.1
AP, 94.0 APs5y, and 55.9 APys5, indicating that the HFSA-
enhanced encoder and the UniGate—-QGP decoder priors are
complementary.

Effectiveness of HFSA. Adding HFSA improves AP from
52.6 to 53.2 and AP35 from 92.3 to 93.2. Fig. 3(b) shows that
HFESA produces stronger and more continuous responses along
the dental arch compared with the scattered activations of the
baseline encoder. Fig. 4 further reveals that HFSA preserves
more mid- to high-frequency energy (0.1 < f < 0.4) on the
deepest FPN feature map, corresponding to tooth boundaries



TABLE I
PERFORMANCE COMPARISON ON THREE DATASETS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, AND THE SECOND-BEST RESULTS ARE
UNDERLINED. PARAMS (M) AND FLOPS (G) ARE MEASURED AT 640 X 640.

Method Year Venue Params (M) FLOPs (G) DSLR Smartphone DENTEX2023

AP AP50 AP75 AP AP50 AP75 AP AP50 AP75
Faster R-CNN [2] 2015 NeurIPS 41.61 178.0 67.8 909 799 335 669 294 387 856 264
CAF-YOLO-s [24] 2025 ICASSP 11.5 25.9 779 97.8 91.2 41.8 71.1 444 48.8 91.8 453
YOLOVS8-s [25] 2024  arXiv 11.16 28.8 774 974 903 395 678 413 51.1 929 510
YOLOvl11-s [26] 2024  arXiv 9.5 21.7 773 974 90.1 46.7 753 514 492 922 470
RT-DETR-1 [27] 2024 CVPR 329 108.1 775 97.1 90.0 514 772 585 523 905 533
Dome-DETR [28] 2025 ACMMM 23.9 204.7 746 948 863 519 80.7 586 522 925 525
DEIM [17] 2025 CVPR 10.2 24.96 770 97.1 90.0 50.7 80.0 57.1 526 923 53.7
Ours (All) 2025 Ours 11.5 27.9 783 977 90.6 544 839 60.7 54.1 94.0 559

TABLE 11

ABLATION OF HFSA, UNIGATE, AND QGP ON THE DENTEX?2023
VALIDATION SET. v DENOTES THAT THE COMPONENT IS ENABLED.

HFSA UniGate QGP | AP APs5o AP75

52.6 92.3 53.7

v 53.2 932 542

v 53.1 93.7 54.9

v 53.0 93.9 52.7

v v 53.5 93.9 532

v v 53.1 93.5 53.4

v v 53.5 94.1 539

v v v 54.1 94.0 55.9
TABLE III

EFFECT OF ENABLING QGP ON DIFFERENT DECODER LAYERS ON
DENTEX?2023. L1, L2, AND L3 DENOTE THE FIRST THREE DECODER

LAYERS.

Ly Lo L3 ‘ AP APs5o APr7s5
v 533 94.4 53.8
v 53.4 94.2 53.2

v 53.9 94.2 54.4

v v v 53.4 94.0 54.4
v v 53.6 94.2 53.3
v v 53.0 94.3 52.6

v v 54.1 94.0 55.9

and fine details, which explains the improved localization of
closely spaced crowns.

Effectiveness of QGP. Introducing QGP alone increases AP
from 52.6 to 53.0 and AP;5y from 92.3 to 93.9, and also
contributes to the best overall performance when combined
with HFSA and UniGate. As illustrated in Fig. 5, QGP makes
query attention spatially coherent along the dental arch and
constrains each query to focus on a short contiguous segment
around its target tooth, rather than spreading across distant
regions or both arches. Table III shows that enabling QGP on
the first and third decoder layers (L. and Lg3) gives the best
trade-off, and we adopt this configuration by default.
Effectiveness of UniGate. Adding UniGate increases AP from
52.6 to 53.1 and AP75 from 53.7 to 54.9. Fig. 3(a) indicates
that UniGate sharpens the query—tooth score distribution so

(b) Attention maps before/after HFSA.

Fig. 3. Qualitative effect of UniGate and HFSA on the DENTEX2023. (a)
UniGate sharpens the query distribution so that each present tooth index is
dominated by a single high-confidence query. (b) HFSA redistributes attention
from gingiva and background to the dental arches and individual teeth,
enhancing structural focus and suppressing specular highlights.

that each tooth index is dominated by a single high-confidence
query, reducing duplicate predictions and leading to more
reliable detections.

IV. CONCLUSION

We presented a DETR-based framework for tooth detection
and FDI numbering equipped with dentistry-aware priors. The
Hybrid Frequency—Spatial Attention (HFSA) enhances robust-
ness to imaging artifacts, whilst UniGate and the Query Graph
Prior (QGP) enforce anatomical and indexing constraints.
Experiments on three diverse datasets show consistent gains
over baselines in both AP and FDI accuracy without increasing
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Fig. 4. Frequency analysis of encoder features on the DENTEX2023. The
DEIM baseline (gray dashed) behaves like a strong low-pass filter on the
deepest FPN feature map, while our HFSA encoder (red) preserves more
mid-to-high frequency energy corresponding to tooth edges and fine structural
details.

Fig. 5. Qualitative effect of QGP on query attention on the DENTEX2023
validation set. Left: the baseline model exhibits scattered attention that
sometimes jumps across arches. Right: with QGP, attention is constrained
to follow the dental arch and remains localized around neighboring teeth,
reducing cross-arch confusion and local numbering swaps.

inference latency. This efficiency enables mobile deployment
for teledentistry. Future work will extend this to video, 3D
data, and pathology modeling.
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