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Fig. 1: GingiCasc performs tooth-level gingivitis assessment from intraoral images. It detects tooth ROIs and predicts ordinal
MGI0–MGI4 grades in one framework. Selected matched teeth are enlarged on the right for visual inspection. No lesion masks
or lesion-level annotations are used.

Abstract

Gingivitis is prevalent and its clinical assessment relies on tooth-by-tooth visual inspection, which consumes dental resources
and limits scalable screening. Intraoral photographs provide a low-cost imaging source, but existing image-based methods often
report image-level diagnoses or coarse localisation outputs that do not directly match tooth-level clinical records. Many studies
also use private data, unreleased code, and heterogeneous metrics, which limits reproducibility and fair comparison. This paper
formulates gingivitis assessment from intraoral images as tooth ROI detection and ordinal Modified Gingival Index (MGI) grading,
and proposes GingiCasc, a Cascade R-CNN-based framework for detecting tooth ROIs and predicting MGI0–MGI4 severity
grades.

GingiCasc uses a ResNet-50-FPN backbone and three cascade RoI stages to refine tooth proposals, and predicts tooth boxes,
MGI grades, and grade probabilities from aligned RoI representations. To address long-tailed MGI labels and ordinal severity
errors, the training objective combines class-balanced weighting, additional MGI0/MGI1 class weight multipliers, and a severity-
distance penalty. Experiments on the public Duy 2024 provided split show that GingiCasc improves MGI grading metrics over
two R50 baselines and achieves the highest mAP among the compared methods. These results support tooth-level ROI detection
with matched-tooth ordinal grading as a reproducible evaluation setting for intraoral gingivitis analysis.

1 Introduction

Gingivitis is among the most common inflammatory oral dis-
eases, and its prevalence can exceed 50% in several adult pop-
ulations. When not controlled in time, gingivitis increases
the risk of progression to periodontitis[29]. Clinical assess-
ment usually depends on local visual signs, including gingival
colour, contour, swelling, and bleeding[27, 39]. These signs
appear around specific teeth, and clinical records therefore re-
quire tooth-level descriptions of disease severity rather than

a single judgement for an entire intraoral image[26, 27, 39].
Tooth-by-tooth visual assessment preserves the local infor-
mation needed for diagnosis, but it also consumes dental re-
sources and is difficult to scale directly to population-level
screening[32, 39].

Deep learning models have recently been used to repre-
sent colour, boundary, and local morphology in medical im-
ages, providing a methodological basis for automated gingivi-
tis analysis from intraoral RGB images[18–20, 25, 35, 36].
Gingivitis severity, however, is not a single visual attribute
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of the whole image[26, 39]. A model that only outputs an
image-level diagnosis or a coarse abnormal region still does
not correspond to the clinical process of recording severity for
individual teeth[20, 39].

Existing intraoral-image studies on gingivitis can be
roughly grouped by output granularity and supervision form
into image-level classification, regional localisation or ob-
ject detection, and segmentation-style analysis[1, 6, 20, 28].
Image-level methods directly predict the inflammatory state
or severity of a full image, and show that intraoral pho-
tographs contain learnable visual patterns related to gingi-
val inflammation[20, 28]. Regional localisation and object-
detection methods further provide local regions or boxes,
moving model outputs from whole-image decisions to local
structures[1, 15, 20, 33]. Segmentation-style studies annotate
and predict pixel-level health or inflammation regions along
the gingival margin[6]. Nevertheless, image-level methods do
not directly produce tooth-level severity records[20, 26, 39].
Across studies, task boundaries, supervision forms, and re-
ported metrics differ substantially, and localisation, detection,
or segmentation outputs are not necessarily aligned with tooth-
level severity labels[1, 6, 20, 28, 35]. In a systematic review
of 23 deep-learning studies on dental plaque and gingivitis im-
ages, Moharrami et al. reported lower certainty of evidence
for gingivitis than for plaque, and noted remaining limita-
tions in external testing, multi-centre data, and consistency of
reporting[28]. Gingivitis image analysis therefore still lacks
a task definition whose inputs and outputs are standardised
around tooth-level clinical recording[26, 28, 39].

This paper defines intraoral-image gingivitis analysis as
tooth ROI detection and tooth-level Modified Gingival Index
(MGI) grading[11, 26]. Given an intraoral image, the model
must localise tooth boxes and output an MGI0–MGI4 grade
with its probability distribution for each tooth ROI[11, 26].
This setting differs from image-level gingivitis classification
and from lesion segmentation: both the training supervision
and the model outputs are defined by tooth ROIs and MGI
severity labels, not by gingivitis lesion masks or lesion-level
boxes[6, 11, 20].

The MGI is a non-invasive visual scoring system for gingi-
val severity[26]. It describes the progression from healthy gin-
giva to severe inflammation. MGI0–MGI4 has a natural order,
and confusion between adjacent grades and confusion across
distant grades have different clinical meanings[5, 10, 26, 30].
A standard multiclass objective only checks whether the pre-
dicted class equals the ground-truth class, and does not di-
rectly encode the distance between grades. Under imbalanced
grade distributions, infrequent grades can also be absorbed by
frequent grades[5, 7, 10, 24, 26, 30]. Tooth-level MGI grad-
ing therefore requires the model to handle tooth ROI localisa-
tion, class-frequency imbalance, and severity-distance errors
together[7, 11, 26].

Motivated by the above analysis, this paper proposes Ging-
iCasc, a framework that performs tooth ROI detection and or-
dinal MGI grading in a single model[4, 15, 23, 26, 33]. Gingi-
Casc first extracts multi-scale features with a ResNet-50-FPN
backbone, and then generates and updates tooth ROI candi-
dates through three cascade RoI stages[4, 15, 23, 33]. The

three RoI stages use increasing IoU thresholds (0.5/0.6/0.7),
so candidate boxes move from a looser matching criterion to a
stricter localisation target during training[4]. At the RoI level,
the model outputs tooth boxes, MGI class logits, and MGI
probability distributions, keeping localisation results aligned
with tooth-level severity predictions[26, 39].

The training objective explicitly incorporates severity infor-
mation to address class imbalance and distant ordinal errors[5,
7, 10, 24, 26]. MGI classification uses class-balanced weight-
ing based on the effective number of samples[7], with ad-
ditional class weight multipliers for MGI0 and MGI1. A
severity-distance penalty uses the distance between the pre-
dicted probability distribution and the ground-truth grade to
penalise distant grade errors, so that the objective reflects the
order of MGI grades[5, 10, 26]. Object detection studies com-
monly use IoU-based AP and mAP to quantify localisation
performance[31]. For evaluation, this paper further adopts
class-agnostic one-to-one tooth matching, and reports tooth
localisation metrics separately from matched-tooth MGI grad-
ing metrics. This protocol avoids forcing missed teeth into an
MGI grade and allows detection errors and grading errors to
be analysed separately.

The main contributions of this paper are summarised as fol-
lows.

1. We define a tooth ROI detection and MGI0–MGI4 tooth-
level grading task, so that model outputs correspond to
the tooth boxes and severity grades required by tooth-by-
tooth clinical recording[11, 26].

2. We propose GingiCasc, which integrates MGI severity
prediction into three-stage cascade-style RoI detection
and trains the grading head with class-balanced weight-
ing, MGI0/MGI1 class weight multipliers, and a severity-
distance penalty[4, 7, 23, 26].

3. We use a class-agnostic tooth-matching evaluation proto-
col that reports tooth localisation and matched-tooth MGI
grading separately, thereby distinguishing detection er-
rors from grading errors.

4. We evaluate three random seeds on the test split and show
that GingiCasc improves the main MGI grading metrics
over two R50 baselines, while reporting detection and
grading metrics separately.

The remainder of this paper is organised as follows. Sec-
tion 2 reviews intraoral-image gingivitis analysis, MGI grad-
ing, ROI detection, and class-imbalance handling. Section 3
describes the GingiCasc architecture and training objective.
Section 4 presents the dataset, evaluation protocol, and exper-
imental results. Section 5 summarises the scope and conclu-
sions of the paper.

2 Related Work
Intraoral-image gingivitis analysis involves image acquisi-
tion, local-structure localisation, severity recording, and model
evaluation. To clarify the relation between this study and prior
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work, this section reviews four groups of studies: gingivitis
analysis from intraoral images, tooth-level MGI severity grad-
ing and ordinal learning, ROI-based detection frameworks,
and class-imbalance and severity-aware losses.

2.1 Gingivitis Analysis From Intraoral Images

Intraoral images provide a practical data source for non-
invasive gingivitis screening. Early photographic and image-
analysis studies used intraoral images to record gingivitis and
gingival-margin inflammation, and examined agreement be-
tween image-based assessment and clinical examination[2,
37]. Later intraoral-scanner studies further explored the fea-
sibility of non-invasive imaging for gingival-inflammation
assessment[8]. With the adoption of deep learning in medi-
cal and dental image analysis, automatic analysis of intraoral
photographs gained stronger representation tools[18, 19, 25,
34, 35]. In gingivitis tasks, existing studies have used intraoral
RGB images for screening, photo-based detection, local local-
isation, and inflammation-grade analysis[1, 6, 20, 38, 40]. Ac-
cording to output form, current methods can be grouped into
image-level classification, local region localisation or object
detection, and gingival-region analysis.

Image-level classification methods directly predict the pres-
ence of gingivitis or chronic gingivitis from a whole intraoral
photograph. Li et al. studied automatic gingivitis screening
from RGB intraoral images and used classification with local-
isation to show learnable visual patterns associated with gin-
gival inflammation[20]. A later transfer-ensemble study by Li
et al. identified chronic gingivitis, further supporting intraoral
photographs as inputs for binary screening[21]. Chau et al.
evaluated the accuracy of photo-based artificial-intelligence
gingivitis detection[6]. Tobias and Spanier used dental self-
ies for MGI classification, indicating that patient-side intrao-
ral images may also contain gingival-severity cues[38]. These
methods usually treat the whole image or a cropped image as
the prediction unit, and therefore do not directly bind predic-
tions to tooth-level severity records.

Local-region localisation and object-detection methods
move the model output from image-level classes to local boxes
or response regions. Alalharith et al. used Faster R-CNN to
detect early signs of gingivitis in orthodontic patients[1]; the
localisation results of Li et al. also highlighted image regions
related to gingivitis[20]. These methods are closer to the local
visual judgements made in clinical inspection, but the target
regions and output protocols differ across studies, and the re-
sulting regions do not necessarily align with the MGI severity
label of each tooth.

Gingival-region analysis targets local conditions of the gin-
gival margin or gingival tissue. Wen et al. used a gingival-
removal strategy to build an automatic gingival-inflammation
grading model, shifting both input and analysis towards gin-
gival tissue regions[40]. Such studies emphasise fine-grained
visual changes in gingival tissue, but their target differs from
assigning an MGI label to each detected tooth ROI. In a sys-
tematic review of deep-learning studies on dental plaque and
gingivitis in RGB intraoral photographs, Moharrami et al. re-
ported limited certainty of evidence for gingivitis, as well as

limitations in external testing, multi-centre data, and report-
ing consistency[28]. Existing studies therefore support the
feasibility of automated gingivitis analysis from intraoral im-
ages, but their task boundaries, supervision objects, and evalu-
ation metrics remain weakly aligned with tooth-by-tooth MGI
recording.

2.2 Tooth-level MGI Severity Grading and Or-
dinal Learning

Clinical gingivitis assessment relies on local visual signs. The
Gingival Index and Modified Gingival Index use observations
of colour, contour, and bleeding-related changes to describe
gingival-margin inflammation[26, 27]; clinical diagnosis also
depends on case definitions and local signs of plaque-induced
gingivitis[39]. The MGI records local gingival status on an
ordered scale from MGI0 to MGI4[26]. For an intraoral-image
model, tooth-level MGI grading is therefore not just binary
screening: the model must establish correspondence between a
predicted region and a specific tooth, and then assign the grade
of the adjacent gingiva. Image-level accuracy alone cannot
show whether the model localises the correct tooth or separate
missed detections, mismatches, and grade errors.

Ordinal-learning studies distinguish ordered labels from
nominal classes. Frank and Hall transformed ordinal
classification into a set of ordered binary classification
problems[13]; Gutiérrez et al. reviewed ordinal-regression
methods and noted that ordered labels require modelling and
evaluation objectives that differ from unordered multiclass
classification[16]. In deep models, Niu et al. used a multiple-
output CNN for ordinal regression in age estimation[30];
Diaz and Marathe used soft labels to represent relation-
ships between adjacent grades[10]; and Cao et al. pro-
posed rank-consistent ordinal regression to constrain ordered
predictions[5]. These studies show that the distance structure
of ordered labels can be incorporated into training objectives
or label representations.

Ordinal tasks should not be evaluated only with exact accu-
racy. Baccianella et al. discussed evaluation measures for ordi-
nal regression and emphasised the distance between predicted
and true ranks[3]. Weighted kappa loss further introduced or-
dinal disagreement into deep classification losses[9]. This pa-
per does not directly adopt these ordinal-regression architec-
tures; instead, it adds a severity-distance penalty to the MGI
classification head of a tooth ROI detector. The evaluation re-
ports MAE, quadratic weighted kappa, adjacent accuracy, and
balanced accuracy, so that exact agreement, grade distance,
and class-balanced behaviour are considered together.

2.3 ROI-based Detection Frameworks and
Matching Evaluation

ROI-based detectors organise object localisation and region-
level classification in a single framework. R-CNN first
used candidate regions and extracted deep features for each
region[15]. Fast R-CNN performed region classification
and bbox regression on shared feature maps through RoI
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pooling[14]. Faster R-CNN introduced a Region Proposal
Network, integrating proposal generation and the detection
network end to end[33]. Feature Pyramid Networks con-
struct multi-scale feature pyramids with top-down and lateral
connections, which benefits detection across object sizes[23].
Cascade R-CNN trains multiple detection heads with progres-
sively higher IoU thresholds, matching proposal refinement
with higher-quality localisation targets[4].

Proposal generation, RoI feature extraction, bbox regres-
sion, and region-level classification in region-based detection
provide a reusable structure for tooth ROI detection. In medi-
cal images, however, the object definition must remain aligned
with clinical labels. The detection target in this paper is not a
generic object or a gingivitis region, but a tooth ROI with an
MGI severity label. GingiCasc uses a ResNet-50-FPN back-
bone and three cascade RoI stages, and outputs both tooth
boxes and MGI class logits at the RoI level. This design uses
the local representation capability of region-based detection
while restricting the predicted region to tooth ROIs, so that
regional predictions correspond to tooth-level MGI grading.

Detection evaluation usually depends on IoU-based match-
ing and AP/mAP. The PASCAL VOC and COCO bench-
marks popularised AP/mAP as standard object-detection
measures[12, 22]; Padilla et al. compared common object-
detection metrics and summarised different AP and mAP
calculations[31]. For tooth-level grading, detection AP alone
is insufficient because the model must also assign the cor-
rect MGI grade on matched teeth. This paper uses class-
agnostic one-to-one tooth matching at IoU ≥ 0.5, and reports
tooth-localisation metrics separately from matched-tooth grad-
ing metrics.

2.4 Class Imbalance and Severity-aware Losses

Class imbalance is common in medical image classifica-
tion and detection. He and Garcia reviewed imbalanced-
data learning and described how high-frequency classes can
affect classifier training and evaluation interpretation[17].
In deep detection and classification, focal loss handles
foreground/background and difficulty imbalance by down-
weighting easy samples[24]; class-balanced loss uses the ef-
fective number of samples to construct class weights and re-
duce training bias caused by sample-count differences[7]. For
MGI grading, when low-severity samples are less frequent, or-
dinary cross-entropy can bias the model towards more frequent
grades.

Ordered labels introduce another error structure: adjacent
grade errors and errors across several grades should not receive
identical penalties. Ordinal soft labels, rank-consistent ordinal
regression, and weighted kappa loss each use grade-distance
information in different ways[5, 9, 10]. GingiCasc uses class-
balanced MGI classification, MGI0/MGI1 class weight multi-
pliers, and a severity-distance penalty in the MGI classification
head. The first two components address frequency differences
among tooth-level MGI labels, whereas the last penalises dis-
tant grade errors according to the distance between the pre-
dicted distribution and the ground-truth grade. In contrast to
general ordinal-regression or imbalance-learning methods, the

aim here is to incorporate class frequency and severity distance
into the MGI grading head of a tooth ROI detector, and to re-
port grading performance on matched teeth.

3 Method

3.1 Problem Formulation
Given an intraoral image I , this paper formulates gingivitis as-
sessment as a joint problem of tooth ROI detection and ordinal
MGI grading. The training annotations are written as

G(I) = {(bj , yj)}Nj=1, bj ∈ R4, yj ∈ Y = {0, 1, 2, 3, 4},
(1)

where bj = (uj , vj , wj , hj) is the bounding box of the j-th
tooth ROI, and yj is the MGI grade of the gingiva adjacent
to the corresponding tooth. The raw tooth classes 2–6 are
mapped to MGI0–MGI4 by

y = r − 2, r ∈ {2, 3, 4, 5, 6}. (2)

Raw classes 0 and 1 indicate maxilla and mandible jaw ROI
metadata. They are excluded from the main training target and
are not used as tooth-detection classes.

The model output is

Ĝ(I) = {(b̂i, ŷi, ŝi, p̂i)}Mi=1, p̂i ∈ [0, 1]5,

4∑
c=0

p̂i,c = 1,

(3)
where b̂i is a predicted tooth box, ŝi is the tooth-detection
score, p̂i is the probability distribution over the five MGI
grades, and ŷi = argmaxc p̂i,c. This definition fixes each
prediction unit as a tooth ROI and requires the model to out-
put both tooth location and the corresponding MGI severity
label. Training and evaluation are therefore organised around
tooth-level detection and matched-tooth grading.

3.2 Cascade-style Tooth ROI Detector
GingiCasc uses a region-based cascade detector. An input im-
age first passes through a ResNet-50-FPN backbone to pro-
duce multi-scale features

F = Bθ(I), (4)

and a region proposal network then generates initial proposals
R(0). These proposals enter T = 3 RoI stages sequentially.
Stage t uses the IoU threshold

τ = (τ1, τ2, τ3) = (0.5, 0.6, 0.7) (5)

for positive/negative assignment, with bbox regression weights
(10, 10, 5, 5), (20, 20, 10, 10), and (30, 30, 15, 15). The in-
creasing τt moves training from looser tooth-proposal match-
ing towards stricter tooth localisation.
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Fig. 2: GingiCasc method overview. The model detects tooth ROIs, predicts MGI grades, and uses severity-aware training
terms for tooth-level ordinal grading. Evaluation uses class-agnostic one-to-one tooth matching to separate detection metrics
from matched-tooth grading metrics.

For stage t, RoI feature extraction and the box head pro-
duce the proposal representation h

(t)
i . The predictor outputs

background-plus-MGI class logits and class-specific box off-
sets:

z
(t)
i ∈ R6, ∆

(t)
i ∈ R6×4. (6)

Class 0 is background, and classes 1–5 correspond to MGI0–
MGI4. Let ℓ(t)i ∈ {0, 1, 2, 3, 4, 5} denote the detector label
assigned by stage matching. A foreground proposal satisfies
ℓ
(t)
i > 0, with MGI label y(t)i = ℓ

(t)
i − 1.

During training, each stage computes a classification loss
and a box-regression loss independently, and the cascade
stages are weighted by

α = (α1, α2, α3) = (1.0, 0.5, 0.25). (7)

The first two stages update proposals with the predicted boxes
from the current stage:

R(t) = Refine
(
R(t−1),∆(t), z(t)

)
, t = 1, 2. (8)

The final stage produces the final box regression. During in-
ference, the class logits from the three stages are averaged:

z̄i =
1

T

T∑
t=1

z
(t)
i . (9)

The MGI probability vector is obtained by normalising the
foreground logits:

p̂i,c =
exp(z̄i,c+1)∑4

k=0 exp(z̄i,k+1)
, c ∈ {0, 1, 2, 3, 4}. (10)

Post-processing removes background predictions, applies
score filtering, small-box filtering, and class-wise non-
maximum suppression, and preserves the MGI probability
vector aligned with each tooth box.

3.3 Severity-aware Training Objective
The GingiCasc training objective consists of a cascade detec-
tion objective and a severity-aware MGI objective. The latter

combines class-balanced weighting, MGI0/MGI1 class weight
multipliers, and a severity-distance penalty to handle class im-
balance and grade-distance errors.

Let nc be the number of samples for MGI class c in the
training set. Class-balanced weighting constructs the initial
weight from the effective number of samples[7]:

w̃c =
1− β

1− βnc
, β = 0.999. (11)

To preserve the loss scale, the weights are mean-normalised:

wc =
w̃c

1
5

∑4
k=0 w̃k

. (12)

Low-severity MGI samples use additional class weight multi-
pliers

m = (1.5, 2.0, 1.0, 1.0, 1.0), (13)

and are normalised again to obtain the final foreground class
weight:

vc =
wcmc

1
5

∑4
k=0 wkmk

. (14)

For detector labels, the background weight is η0 = 1, and the
MGI foreground weight is ηc+1 = vc.

For stage t, let Qt be the number of sampled proposals, and
define Dt =

∑Qt

i=1 ηℓ(t)i
. The weighted classification loss is

L(t)
cls = − 1

Dt

Qt∑
i=1

η
ℓ
(t)
i

log
exp(z

(t)

i,ℓ
(t)
i

)∑5
k=0 exp(z

(t)
i,k)

. (15)

Box regression is applied only to foreground proposals:

Pt = {i | ℓ(t)i > 0}, (16)

L(t)
box =

1

Qt

∑
i∈Pt

smoothβbox

L1

(
∆

(t)

i,ℓ
(t)
i

−∆
∗(t)
i

)
, (17)

βbox =
1

9
. (18)
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Here ∆
∗(t)
i is the regression target encoded from the matched

ground-truth box. When Pt = ∅, the summation is empty and
the box loss is 0.

MGI grades are ordered, and distant grade errors are more
severe than adjacent grade errors. For foreground proposal i ∈
Pt, foreground logits are first converted to MGI probabilities:

p
(t)
i,c =

exp(z
(t)
i,c+1)∑4

k=0 exp(z
(t)
i,k+1)

. (19)

The severity-distance penalty is then defined as the expected
absolute distance from the predicted distribution to the true
MGI class:

L(t)
dist =

1

|Pt|
∑
i∈Pt

1

4

4∑
c=0

p
(t)
i,c

∣∣∣c− y
(t)
i

∣∣∣ . (20)

When Pt = ∅, L(t)
dist is also set to 0. This term does not change

the MGI label space; it explicitly penalises cross-grade errors
in the training objective.

The stage loss and total loss are

L(t) = L(t)
cls + L(t)

box + λdistL(t)
dist, (21)

Ltotal =

3∑
t=1

αtL(t), (22)

where λdist = 0.5. GingiCasc therefore incorporates the or-
dered structure of MGI0–MGI4 through class weights and a
severity-distance penalty within the same detection objective.

3.4 Prediction Interface
For a single image, inference returns tooth boxes, MGI labels,
detection scores, and MGI probability vectors:

Ĝ(I) = {(b̂i, ŷi, ŝi, p̂i)}Mi=1. (23)

Here ŝi is the tooth foreground score, p̂i is obtained by nor-
malising the averaged foreground logits from the three cascade
stages, and ŷi = argmaxc p̂i,c. This interface defines only the
prediction record passed to the evaluator. Class-agnostic tooth
matching, missed-tooth statistics, and matched-tooth grading
metrics are defined in Section 4 as part of the experimental
protocol.

4 Experiments

4.1 Dataset and Split
The model was evaluated on the public intraoral-image dataset
released by Duy et al.[11], using the provided split. In the raw
annotations, classes 2–6 denote tooth ROIs with MGI grades
and are mapped to MGI0–MGI4. Classes 0 and 1 denote max-
illa and mandible jaw ROI metadata, and are used only for
data-consistency checks. They are excluded from the main
training target and are not used as tooth-detection classes. The
converted COCO-style annotations are used for training, vali-
dation, and testing.

Table 1: Dataset distribution after remapping raw tooth la-
bels to MGI0–MGI4. Counts are tooth-level annotations in
the COCO-style files; jaw ROI metadata boxes are excluded
from this table.

Split Images Tooth ROIs MGI0 MGI1 MGI2 MGI3 MGI4

Train 732 8,790 244 1,218 2,178 3,399 1,751
Validation 182 2,185 30 306 774 755 320
Test 182 2,175 35 307 899 713 221

Table 1 summarises the remapped tooth-level annotations.
The training, validation, and test splits contain 732, 182, and
182 images, with 8,790, 2,185, and 2,175 tooth ROI an-
notations, respectively. MGI3 and MGI2 are the dominant
grades, whereas MGI0 and MGI1 have fewer supporting sam-
ples. This distribution motivates evaluation with both class-
aggregated grading metrics and ordinal error measures.

The data audit covered 1,096 images. No missing image,
missing label, or invalid annotation row was found. SHA-256
image hashing identified 14 duplicate image groups, including
8 groups crossing different splits. The data files do not include
patient identifiers, and patient-independent splitting cannot be
verified. This paper keeps the provided split without split re-
pair, and reports duplicate images and missing patient identi-
fiers as dataset limitations.

4.2 Evaluation Protocol
The evaluation protocol separates tooth localisation from
matched-tooth MGI grading. For each image, the model out-
puts a prediction record (b̂i, ŷi, ŝi, p̂i), where b̂i is the tooth
box, ŝi is the tooth-detection score, ŷi is the predicted MGI la-
bel, and p̂i is the MGI probability vector. Predictions are first
sorted by tooth score in descending order, and class-agnostic
one-to-one tooth matching is then performed. Let U be the set
of unmatched ground-truth tooth ROIs. For prediction i, the
candidate set in the same image is

Ui = {j ∈ U | img(j) = img(i)}. (24)

If Ui = ∅, the prediction remains unmatched. Otherwise, the
ground truth with the highest IoU is selected:

j∗(i) = argmax
j∈Ui

IoU(b̂i, bj). (25)

When IoU(b̂i, bj∗(i)) ≥ 0.5, the pair (i, j∗(i)) is added to the
matched set M, and j∗(i) is removed from U . Otherwise,
the prediction is treated as unmatched. This matching step
does not use the predicted MGI label, so whether a tooth ROI
is detected and whether its MGI grade is correct are counted
separately.

Detection performance is measured from tooth boxes and
tooth scores, including AP50, AP75, detection recall at
IoU 0.5, and mAP over COCO-style IoU thresholds Γ =
{0.50, 0.55, . . . , 0.95}:

mAP =
1

|Γ|
∑
γ∈Γ

APγ . (26)
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Here APγ is computed from the precision–recall curve sorted
by tooth score with 101-point interpolation. Unmatched
ground-truth tooth ROIs are counted as missed teeth, and the
missed-tooth rate is recorded.

MGI grading metrics are computed only on the matched set
M. The confusion matrix C ∈ N5×5 is defined as

Cab =
∑

(i,j)∈M

1[yj = a]1[ŷi = b], a, b ∈ {0, 1, 2, 3, 4}.

(27)
Macro-F1, balanced accuracy, and quadratic weighted kappa
(QWK) are computed from C. Ordinal grading error is further
measured by grade distance on matched teeth:

MAE =
1

|M|
∑

(i,j)∈M

|ŷi − yj |, (28)

AdjAcc =
1

|M|
∑

(i,j)∈M

1 [|ŷi − yj | ≤ 1] . (29)

When M = ∅, the matched-tooth metrics are set to 0 under
the evaluator’s safe-division rule. This protocol avoids forcing
missed tooth ROIs into an MGI grade and allows detection
failure, missed teeth, and matched-tooth grading error to be
analysed separately.

4.3 Experimental Setup
The comparative experiment includes Faster R-CNN R50 CE,
Cascade R-CNN R50 CE, and GingiCasc. Both baselines use
a ResNet-50-FPN backbone and a cross-entropy classification
objective. GingiCasc uses the three-stage cascade tooth ROI
detector with class-balanced weighting, MGI0/MGI1 class
weight multipliers, and a severity-distance penalty. All test
results are summarised over three random seeds, 20260613,
20260614, and 20260615.

For a metric value x1, x2, x3 from the three random seeds,
mean±std is defined as

x̄ =
1

3

3∑
k=1

xk, s =

√√√√1

2

3∑
k=1

(xk − x̄)2. (30)

mAP and AP50 summarise tooth detection, whereas Macro-
F1, QWK, MAE, AdjAcc, and BalAcc summarise matched-
tooth grading.

The reference experiment compares GingiCasc with three
same-family training configurations. The class-balanced
and severity-distance settings remove corresponding training
terms, whereas the ordinal-auxiliary setting is a reference con-
figuration rather than a one-factor removal from the final re-
ported loss. This design characterises the relation between
severity-aware training choices and grading metrics without
treating all rows as controlled single-component ablations.

4.4 Comparative Experiment Results
Table 2 reports the comparative experiment. GingiCasc
reaches a Macro-F1 of 0.32±0.01, higher than 0.20±0.01 for

Faster R-CNN R50 CE and 0.24 ± 0.01 for Cascade R-CNN
R50 CE. For ordinal consistency, GingiCasc obtains a QWK of
0.39±0.02, compared with 0.16±0.01 and 0.23±0.03 for the
two baselines. Its MAE is 0.65± 0.06, lower than 0.89± 0.01
and 0.80 ± 0.05 for Faster R-CNN R50 CE and Cascade R-
CNN R50 CE, respectively. After class-agnostic matching,
GingiCasc improves class-aggregated grading metrics and or-
dinal agreement, while reducing mean grade-distance error.

Detection metrics differ across IoU thresholds. GingiCasc
obtains an mAP of 0.39 ± 0.02, higher than 0.34 ± 0.04 for
Faster R-CNN R50 CE and 0.29 ± 0.01 for Cascade R-CNN
R50 CE. At AP50, Faster R-CNN R50 CE obtains 0.87±0.03,
GingiCasc obtains 0.86± 0.02, and Cascade R-CNN R50 CE
obtains 0.80 ± 0.08. Thus, GingiCasc achieves the highest
mAP across IoU thresholds, whereas its AP50 remains below
that of Faster R-CNN R50 CE.

4.5 Reference Configuration Results

Table 3 reports the reference configuration experiment.
Among the listed same-family configurations, GingiCasc ob-
tains the best matched-tooth grading results for Macro-F1,
QWK, MAE, AdjAcc, and BalAcc. The Macro-F1 and QWK
values are 0.22± 0.01 and 0.18± 0.01 for w/o class-balanced
loss, 0.24 ± 0.02 and 0.23 ± 0.04 for w/o severity-distance
penalty, and 0.25 ± 0.01 and 0.28 ± 0.03 for the ordinal-
auxiliary reference configuration. GingiCasc reaches 0.32 ±
0.01 and 0.39± 0.02 for the same two metrics, while reducing
MAE to 0.65± 0.06.

4.6 Limitations

The comparative experiment and reference configuration ex-
periment show that GingiCasc improves matched-tooth grad-
ing metrics over three random seeds, mainly in Macro-F1,
QWK, MAE, and AdjAcc. Detection results depend more
strongly on the IoU threshold: GingiCasc has the highest mAP,
but its AP50 is lower than that of Faster R-CNN R50 CE.
These results indicate that ordinal grading under class imbal-
ance should be interpreted with class-aggregated metrics and
grade-distance metrics together.

Two dataset limitations remain. The provided split contains
cross-split duplicate images, which may overestimate real gen-
eralisation. Missing patient identifiers also prevent verification
of a patient-independent split. This paper does not use exter-
nal datasets and does not report cross-centre testing. The re-
sults should therefore be interpreted as three-seed test results
on the Duy 2024 provided split under a unified evaluator, not
as patient-independent or external-generalisation evidence.

5 Conclusion
This paper studies tooth ROI detection and MGI0–MGI4 or-
dinal grading from intraoral images. Unlike image-level gin-
givitis screening or lesion segmentation, the task output is re-
stricted to tooth boxes and tooth-level MGI grades, matching
the tooth-by-tooth structure of clinical severity recording.
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Table 2: Comparative test results. Values are mean±std over three random seeds. Higher values are better for mAP, AP50,
Macro-F1, QWK, AdjAcc, and BalAcc; lower values are better for MAE.

Method mAP AP50 Macro-F1 QWK MAE AdjAcc BalAcc

Faster R-CNN R50 CE 0.34±0.04 0.87±0.03 0.20±0.01 0.16±0.01 0.89±0.01 0.80±0.01 0.29±0.01
Cascade R-CNN R50 CE 0.29±0.01 0.80±0.08 0.24±0.01 0.23±0.03 0.80±0.05 0.84±0.02 0.29±0.01
GingiCasc 0.39±0.02 0.86±0.02 0.32±0.01 0.39±0.02 0.65±0.06 0.91±0.03 0.33±0.02

Table 3: Reference configuration test results. Values are mean±std over three random seeds. Higher values are better for all
metrics except MAE. The ordinal-auxiliary row is a reference configuration rather than a one-factor removal from the final
reported loss.

Method mAP AP50 Macro-F1 QWK MAE AdjAcc BalAcc

GingiCasc ordinal-auxiliary reference 0.34±0.03 0.86±0.03 0.25±0.01 0.28±0.03 0.78±0.06 0.85±0.03 0.31±0.01
GingiCasc w/o class-balanced loss 0.33±0.02 0.88±0.02 0.22±0.01 0.18±0.01 0.83±0.03 0.83±0.01 0.28±0.01
GingiCasc w/o severity-distance penalty 0.34±0.03 0.85±0.01 0.24±0.02 0.23±0.04 0.82±0.04 0.83±0.01 0.30±0.01
GingiCasc 0.39±0.02 0.86±0.02 0.32±0.01 0.39±0.02 0.65±0.06 0.91±0.03 0.33±0.02

On the Duy 2024 provided split, three-seed test comparisons
show that GingiCasc improves Macro-F1, QWK, MAE, adja-
cent accuracy, and balanced accuracy over Faster R-CNN R50
CE and Cascade R-CNN R50 CE. GingiCasc also obtains the
highest mAP, but its AP50 is lower than that of Faster R-CNN
R50 CE. The evidence therefore supports tooth-level grading
improvements and mAP improvement under the reported eval-
uation protocol.

The reference configuration experiment shows that Gingi-
Casc has higher Macro-F1, QWK, adjacent accuracy, and bal-
anced accuracy, and lower MAE, than the listed same-family
configurations. This result is consistent with the severity-
aware training objective used in the reported method, but it
does not imply universal performance under other splits or ex-
ternal datasets.

The study remains constrained by the dataset. Image au-
diting identified duplicate image groups, and the data lack pa-
tient identifiers, so patient-independent splitting cannot be ver-
ified. No external dataset or cross-centre validation is reported.
Future work should test the model under patient-level splits,
multi-centre data, larger low-grade samples, and more consis-
tent annotations. Because the task and annotations do not in-
clude lesion masks or lesion boxes, the results should not be
interpreted as lesion segmentation or lesion-localisation evi-
dence.
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[27] Harald Löe. The gingival index, the plaque index and the re-
tention index systems. Journal of Periodontology, 38(6 Part II):
610–616, 1967. doi: 10.1902/jop.1967.38.6_part2.
610.

[28] Mohammad Moharrami, Elaheh Vahab, Mobina Bagherianlem-
raski, Ghazal Hemmati, Sonica Singhal, Carlos Quinonez, Falk
Schwendicke, and Michael Glogauer. Deep learning for detect-
ing dental plaque and gingivitis from oral photographs: A sys-
tematic review. Community Dentistry and Oral Epidemiology,
53(6):617–632, 2025. doi: 10.1111/cdoe.70001.

[29] Shinya Murakami, Brian L. Mealey, Angelo Mariotti, and Iain
L. C. Chapple. Dental plaque-induced gingival conditions.
Journal of Clinical Periodontology, 45(S20):S17–S27, 2018.
doi: 10.1111/jcpe.12937.

[30] Zhenxing Niu, Mo Zhou, Le Wang, Xinbo Gao, and Gang Hua.
Ordinal regression with multiple output CNN for age estima-
tion. In Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition, pages 4920–4928, 2016. doi:
10.1109/CVPR.2016.532.

[31] Rafael Padilla, Wesley L. Passos, Thadeu L. B. Dias, Ser-
gio L. Netto, and Eduardo A. B. da Silva. A comparative
analysis of object detection metrics with a companion open-
source toolkit. Electronics, 10(3):279, 2021. doi: 10.3390/
electronics10030279.

[32] Marco A. Peres, Lorna M. D. Macpherson, Robert J. Weyant,
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