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Abstract. Intraoral photographs (IOPs) provide a low-cost record of
tooth appearance, alignment, soft tissue, and occlusal relationships. We
present IOP-Compass, a dataset, benchmark, and annotation resource
built on 1,000 patients from the Bite2Text collection. It comprises 5,000
standardized clinical photographs, five views per patient, with view labels
and expert-verified tooth-instance masks carrying FDI numbers, together
with frozen patient-disjoint splits. The dataset was produced through a
browser-based human-in-the-loop annotation platform that we also re-
leased. Using IOP-Compass, we benchmark a pipeline representative of
the current literature for view classification, region-of-interest extrac-
tion, and FDI-aware tooth instance segmentation, providing reference
results and ablations across alternative pipeline components. View clas-
sification is near-saturated on the benchmark, while FDI-aware instance
segmentation remains the main challenge. Both the dataset1 and code2

are publicly released.
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1 Introduction

A standard orthodontic acquisition contains five intraoral photographs (IOPs):
frontal, left- and right-buccal, and upper- and lower-occlusal views. They are
routinely acquired, require no ionizing radiation or additional appointment, and
they capture what neither radiographs nor intraoral scans expose in the same
way: gingival color and texture, plaque, enamel appearance, appliances, and the
occlusal relationship as the clinician sees it. Bite2Text pairs this modality with
intraoral scans and clinician-authored reports for 1,000 patients [5,19].

What this modality lacks is identity. Almost every clinical question—which
tooth is crowded, which surface is discolored, how a specific tooth moved between
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appointments—is posed per tooth, and answering it automatically needs an in-
stance mask with an FDI number [10]. No public resource provides that com-
bination for real clinical photographs. The largest openly released photographic
corpus with a five-view protocol annotates only caries as bounding boxes [1]; the
largest “open-sourced” intraoral collection claims roughly 800 real photographs
within a 150,000-image corpus dominated by renderings of scans and plaster
models [33], but the dataset and annotations were not publicly accessible at the
time of submission3 and the corpus matching our protocol and scale, used to
build SAT, is not publicly released [22].

Our contribution is threefold: (i) 5,000 standardized clinical photographs from
1,000 patients with view labels, expert-verified FDI tooth-instance masks, and
frozen patient-disjoint splits, released publicly for download; (ii) a reproducible
benchmark for multi-view IOP analysis, with FDI-aware instance evaluation and
reference baselines for view classification, ROI extraction, and tooth segmenta-
tion; and (iii) a semi-automatic annotation workflow, with its browser applica-
tion, which tracks how each mask was generated.

2 Related Work

Photographic Dental Resources. Several recent datasets have advanced
learning-based IOP analysis, but none combines all the properties required for
tooth-level instance segmentation and identification in standardized clinical im-
agery. SegmentAnyTooth [22], or SAT for short, comprises five-view IOPs from
953 Vietnamese subjects and follows a protocol similar to ours, but the dataset is
not publicly released. IO150K [33] includes real intraoral photographs alongside
rendered and plaster-model imagery, although its photographic component is
comparatively limited. AlphaDent [26] provides intraoral photographs from 295
patients, but does not release the corresponding tooth-level annotations. More
broadly, recent reviews of publicly available dental datasets report no photo-
graphic resource providing both per-tooth instance masks and FDI labels [27,32].

Beyond photographic imaging, public CBCT benchmarks have demonstrated
the value of shared data, standardized annotations, and common protocols for
systematically comparing dental segmentation methods [2,3,4,8,20,30,31]. These
resources, however, address volumetric dental imaging and do not provide tooth-
level instance masks with FDI identification for intraoral photographs.

Thus, despite growing interest in photographic dental analysis, an openly
available dataset combining standardized multi-view clinical photographs with
tooth-level segmentation and FDI identification remains lacking. Table 1 com-
pares existing datasets along the characteristics most relevant to our setting:
standardized multi-view acquisition, tooth-level instance segmentation, FDI iden-
tification, and public availability.

View Classification and Tooth Segmentation. Prior work has addressed
the main components of automated IOP analysis largely as separate tasks.

3 https://zoubo9034.github.io/TeethSEG/ does not provide access to either the
source code or the data. We contacted the authors but had not received a response.

https://zoubo9034.github.io/TeethSEG/
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Table 1: Comparison with photographic dental datasets. 5 views denotes a stan-
dardized five-view IOP protocol. Type distinguishes real clinical photographs
from datasets that also contain synthetic or non-photographic imagery. Pub-
lic indicates whether the corresponding images or tooth-level annotations are
openly accessible. “–” means not disclosed/unverifiable.

Dataset Task Characteristics Public access

Dataset Subjects Photos Type 5 Views Masks FDI Images Labels

Closest to our setting

IOP-Compass (ours) 1,000 5,000 Real ✓ ✓ ✓ ✓ ✓

SAT [22] 953 5,000 Real ✓ ✓ ✓ ✗ ✗

Other photographic datasets

IO150K [33] – 150,000† Mixed Partial ✓ – ✗ ✗

Caries IOP [1] 631 6,313 Real ✓ ✗ ✗ ✓ ✓

AlphaDent [26] 295 1,200 Real ✗ ✓ ✗ ✓ ✗

†IO150K reports a mixed corpus containing 800 real intraoral photographs together with ren-
dered and plaster-model imagery; its total image count is therefore not directly comparable with
the number of real clinical photographs reported for the other datasets.

View classification has typically been formulated as image-level recognition us-
ing convolutional neural networks [9,14,25]. Tooth segmentation, in contrast,
has been approached with region-based detection and segmentation architec-
tures [28,33], as well as by adapting promptable foundation models to dental
imagery [15,16,21,29]. More recently, SAT [22] combines tooth detection, enu-
meration, and segmentation using view-specific YOLO11 detectors to localize
and identify teeth and Light HQ-SAM to refine the resulting boxes into masks.

These methods are primarily evaluated with aggregate classification, detec-
tion, or overlap metrics. Such measures characterize average predictive accuracy,
but provide limited information about whether an individual image has been pro-
cessed completely and consistently. In annotation-oriented workflows, however,
discrete failure modes—such as a missing tooth, a spurious mask, merged ad-
jacent teeth, or an incorrect tooth identifier—can be more consequential than
small differences in aggregate overlap [23]. This motivates evaluation at the level
of image completeness and clinically meaningful segmentation and enumeration
errors, in addition to conventional accuracy metrics.

3 Dataset

Source Data and Annotations. IOP-Compass augments the 5,000 intrao-
ral photographs of 1,000 patients released with Bite2Text [19], comprising the
standard five orthodontic views (frontal-, left-/right-buccal, and upper-/lower-
occlusal; Fig. 1). Cohort selection, acquisition, de-identification, and ethical ap-
proval are described in the original publication; no additional clinical data were
collected for this work. We annotate every visible permanent tooth with a polyg-
onal instance mask and its FDI identifier, covering the 32 permanent-dentition
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Frontal Upper Lower Left Right

Fig. 1: Two sample patients across the five standardized intraoral views. For
each view, the raw photograph is shown above the corresponding tooth-instance
segmentation, with a different color assigned to each tooth instance.

codes. Deciduous teeth, implants, and pontics are not treated as separate classes
but are assigned to the corresponding permanent-tooth position. This conven-
tion preserves a fixed 32-position FDI label space and reflects our focus on tooth-
position identification rather than differentiation of prosthetic type. Fig. 2 re-
ports the resulting distribution of annotated instances over the 32 FDI codes for
each view, characterizing the class balance and the tooth-per-view visibility.

Fig. 2: Distribution of annotated tooth in-
stances across the 32 FDI codes, separately
for each of the five views and overall.

Verification and Splits. For
all the experiments involving our
dataset, we use three fixed train-
validation-test splits of 700/200/100
patients (i.e., 3,500/1,000/500 im-
ages each), keeping all five views
of each patient in the same set.
Validation and test partitions are
mutually exclusive across splits, so
that a patient appears in an eval-
uation partition for at most one
split, and the three test partitions
are disjoint. The union of the three
test sets contains 300 patients.

Annotations for the 700 pa-
tients outside the union of the
three test sets are generated with
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Fig. 3: Overview of the IOP-Compass pipeline, from raw IOPs (A) through stan-
dardized view assignment (B), optional ROI extraction (F), tooth-instance seg-
mentation (C), post-processing (D), and expert verification (E).

the proposal-and-review pipeline of Sec. 4. After the initial automatic proposal,
every instance and FDI label is reviewed and, where necessary, added, removed,
split, merged, relabeled, or boundary-corrected; the release therefore contains
expert-verified rather than raw model annotations.

The reference masks of the 300 test patients (1,500 images) were annotated
de novo from blank masks, without any model proposal being displayed, loaded,
or otherwise available in the interface. All the results reported in Sec. 5 are com-
puted against these independently drawn masks, so no model—SAT included—is
evaluated against a reference derived from its own predictions.

4 Methods

Fig. 3 summarizes the complete IOP-Compass pipeline. Starting from the five
raw intraoral photographs of each patient, a view-classification stage assigns
the standardized orthodontic views, after which tooth instances are segmented
using either SAT or Mask R-CNN. An optional per-image ROI extraction step—
geometric cropping, FAST-R [24], or SAM 3 [6]—can be used to restrict process-
ing to the intraoral region. The predicted instances are then refined through de-
terministic post-processing to remove artifacts and resolve inconsistencies before
undergoing final expert verification.

View Classification and Five-View Assignment (B). We fine-tune an
ImageNet-pretrained ResNet18 [7,12] to classify the five standardized views from
256 × 256 images. Training augmentations include geometric and photometric
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Fig. 4: Browser-based expert correction of tooth-instance masks and FDI labels.

perturbations, blur, noise, and JPEG compression. Horizontal flips are cou-
pled with the corresponding left-right label remapping, whereas vertical flips
are excluded. Since each patient record contains exactly one image per view,
we additionally perform patient-level assignment by maximizing the summed
log-probability under a one-to-one view constraint, solved with the Hungarian
algorithm [17].

Tooth Instance Segmentation (C). We evaluate two segmentation pipelines.
As an external baseline, we run SegmentAnyTooth (SAT) [22] with its pub-
lished weights and inference procedure, combining view-specific YOLO11 detec-
tion with Light HQ-SAM [15]. Additionally, we fine-tune a COCO-pretrained
Mask R-CNN with a ResNet50-FPN backbone [11,18], replacing the prediction
heads for the 32 FDI classes.

Post-Processing (D). Predicted instances are processed by a fixed sequence
of nine deterministic label-wise cleanup rules that remove small or out-of-ROI
components, repair fragmented masks, suppress buccal-view border artifacts,
and resolve duplicate predictions carrying the same FDI label. The same rules
are applied to all configurations, with parameters fixed using training/validation
data; their complete implementation is included in the released code.

Human Verification (E). Model predictions serve only as annotation pro-
posals. An expert orthodontist reviews the resulting instances in the browser
interface of Fig. 4, where masks can be added, deleted, split, merged, relabeled,
or boundary-corrected. The application preserves the remaining views of the
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same patient during correction and records annotation provenance. Only the
expert-verified annotations are included in the released dataset.

ROI Extraction (F). For this optional pipeline step, we evaluate three strate-
gies for restricting each image to the intraoral region. These ROI strategies are
evaluated on the completed dataset and are not required to generate the expert-
verified annotations. Geometric uses a fixed, view-specific crop derived from the
expert-verified tooth extents of the training split: for each view, we compute
the 2nd–98th percentile envelope of the tooth-union boxes and enlarge it by
5%. FAST-R predicts the tooth-union ROI with a Faster R-CNN MobileNetV3-
Large-320-FPN detector [13]. SAM 3 obtains an intraoral region mask from a
fixed set of text prompts and converts the highest-ranked valid mask into a crop,
falling back to the full image when no plausible mask is returned. All parameters
are selected using the training and validation data.

5 Experiments and Results

Cohort, Reference Standard, and Protocol. All experiments reported in
this section, except those involving annotation time, use the complete cohort
of 1,000 patients (5,000 images) and the three fixed patient-level splits defined
in Sec. 3. To bootstrap view classification, the five standardized views were
manually identified for 100 patients and used to train the view classifier, which
was then applied to the remaining cohort. For tooth-instance annotation, the
pretrained SAT model generated initial FDI-labeled mask proposals for the 700
patients outside the union of the three test partitions. These proposals were
subsequently reviewed and corrected by the expert annotator as described in
Sec. 4. Annotations were verified by a single expert; inter-observer variability is
therefore not quantified. The 300 patients forming the union of the three test
partitions were excluded from this proposal-assisted procedure and annotated
from blank masks, with the annotator blinded to any model output, so that the
reference standard used for evaluation is independent of both segmenters under
comparison. Model fitting and configuration selection use only the training and
validation partitions.

Metrics. Reference and predicted instances are first matched one-to-one using
the Hungarian algorithm to maximize total mask IoU, independently of FDI
labels; assignments with IoU< 0.50 are discarded. A retained match is counted as
an FDI-aware true positive only when its FDI number is correct; a geometrically
matched tooth with an incorrect FDI number therefore contributes one false
positive and one false negative. Counts are micro-pooled over the evaluation
split before computing F1. Matched-instance Dice was also computed but was
close to saturation across methods and therefore provided little discrimination;
we consequently use FDI-aware instance F1 as the primary benchmark metric.

View Classification. The fine-tuned ResNet18 reaches 99.87% accuracy and
macro F1, with 99.33% of patients having all five views correctly classified after
constrained assignment. Accordingly, view classification is not a major perfor-
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Table 2: Tooth instance segmentation on the held-out test splits (100 pa-
tients per split), FDI-aware instance F1 (%) at mask IoU≥ 0.50, reported as
mean± standard deviation over the three splits; label-wise post-processing is
applied in every row. F1 up/low: upper-/lower-occlusal; F1 front: frontal; F1
L/R: pooled left and right buccal views. Time/pat.: wall-clock time per patient,
including the ROI stage. Bold: best; underlined: second-best.

Seg. ROI F1 Avg. F1 Up F1 Low F1 Front F1 L/R Time/pat.

S
A
T

No ROI 95.09±0.27 98.33±0.17 98.16±1.07 94.27±0.31 93.31±0.14 17.3 s

Geometric 94.74±0.33 98.35±0.21 98.18±0.81 93.89±0.26 92.69±0.42 14.1 s

FAST-R 93.99±0.44 97.96±0.24 97.57±1.09 92.73±0.28 92.05±0.57 11.3 s

SAM 3 94.56±0.25 96.10±0.60 95.16±1.37 94.48±0.32 93.81±0.20 25.8 s

R
-C

N
N

No ROI 91.45±0.32 96.40±0.43 95.56±1.16 90.23±0.47 88.82±0.53 1.4 s

Geometric 91.42±0.31 96.40±0.43 95.56±1.16 90.11±0.48 88.84±0.48 1.2 s

FAST-R 90.75±0.53 96.51±0.22 95.33±1.19 88.89±0.66 88.05±0.75 1.3 s

SAM 3 90.49±0.59 94.28±0.88 91.63±2.74 90.19±0.48 88.79±0.54 7.1 s

mance bottleneck in the proposed benchmark: within this standardized acquisi-
tion setting, view classification is close to saturation.

Tooth Instance Segmentation. Table 2 reports the eight ROI × segmenter
configurations on the held-out test partitions, with the same label-wise post-
processing applied throughout. The validation-selected configuration, SAT with-
out ROI extraction, also performs best on test (95.09 ± 0.27 FDI-aware F1). ROI
extraction does not improve average FDI-aware F1, while SAT consistently out-
performs Mask R-CNN, particularly on buccal views, at substantially higher
computational cost.

Region-of-Interest Extraction. Assessed on the validation split before seg-
mentation, all three strategies preserve nearly all reference tooth pixels: the geo-
metric prior and SAM 3 retain 100% of them, and FAST-R 99.95%. They differ
in how aggressively they crop, with FAST-R discarding 34.4% of the frame on
average, against 10.0% for the geometric prior and 6.7% for SAM 3, with SAM 3
falling back to the full image on 3.9% of images because the returned mask is
empty or implausible. FAST-R is also the faster learned option, at 0.165 s per
image against 2.52 s for SAM 3, while the geometric prior is a fixed lookup and
adds no measurable cost. None of these properties translates into a segmenta-
tion gain (Table 2): every ROI strategy has a lower F1 Avg. than the no-crop
configuration. The ROI stage is therefore retained in the released pipeline but
disabled by default (Fig. 3).

Annotation Effort. As an exploratory measurement of annotation efficiency,
we recorded annotation time and editing operations over a session covering 10
patients (50 images). From-scratch annotation required approximately 9.1 min
per patient. Correcting Mask R-CNN proposals reduced this to 2.3 min per pa-
tient, with 2.3 edits and 0.2 boundary corrections per image, while SAT proposals
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required 1.6 min per patient, with 1.4 edits and 0.1 boundary corrections per
image. These timings are illustrative rather than a population-level estimate.

6 Conclusion

Our experiments show that restricting the image to the intraoral region does not
improve FDI-aware instance segmentation, suggesting that the remaining errors
are not primarily driven by irrelevant image context.

IOP-Compass turns routine five-view intraoral photography into a bench-
marked, tooth-resolved resource: standardized clinical photographs with expert-
verified FDI instance masks, frozen patient-disjoint splits, a human-in-the-loop
annotation application, and a shared evaluator. View classification is close to
saturation on this benchmark, while FDI-aware instance segmentation remains
the main challenge and now has a reproducible baseline to build on. By reporting
FDI-aware instance quality per view rather than aggregate overlap alone, IOP-
Compass provides both a measurable target and the dataset, tool, and evaluator
needed to support further progress.
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