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Abstract. Temporal segmentation of colonoscopy withdrawal videos
into anatomical regions is a key component for automated post-procedure
reporting, enabling coverage assessment and structured documentation.
While recent temporal segmentation models show promising accuracy,
they typically treat colon segments as unordered categories, ignoring the
inherent anatomical ordinality of the colon. This often yields tempo-
rally inconsistent predictions with frequent flickering and anatomically
implausible jumps between non-adjacent regions. We propose an ordinal-
aware framework that injects anatomical priors into both training and
inference. During training, we add an auxiliary ordinal regression objec-
tive that penalizes errors in proportion to anatomical distance. At in-
ference, we apply an ordinal-constrained decoder that enforces anatom-
ically plausible transitions. On the REAL-Colon dataset, our method
achieves 0.7621 weighted F1 and 0.6286 weighted Jaccard while substan-
tially reducing label transitions to 15.84 per video. On the CAS-Colon
dataset, it attains 0.7300 weighted F'1 and 0.5935 weighted Jaccard with-
out target-domain fine-tuning, indicating improved cross-dataset gener-
alization. Overall, incorporating anatomical ordinality improves tempo-
ral consistency and supports clinically applicable, anatomically grounded
segmentation. Code is available at https://github.com/jangbil /OColT.
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1 Introduction

Colonoscopy remains the gold standard for colorectal cancer screening, and the
accurate identification of anatomical colon segments during the procedure is
essential for multiple clinical tasks [22]. Anatomical localization underpins auto-
mated post-procedure reporting, supporting the documentation of polyp location
[17], the assessment of cecal and ileal intubation rates [6], and the computation of
bowel preparation quality scores [15,19]. Furthermore, accurate segment identi-
fication also informs treatment and surveillance decisions, as in ulcerative colitis
where disease extent is classified by how far inflammation spreads proximally
from the rectum [14,21]. Despite its clinical importance, automated anatomi-
cal localization remains challenging due to the limited field of view, absence of
reliable landmarks, and inter-patient variability in colon morphology [4, 11].

Deep learning for surgical workflow analysis[9], including surgical phase recog-
nition [7] and action segmentation [26,27], has made substantial progress, and
similar efforts are beginning to emerge in colonoscopy video analysis [8, 28]. Early
approaches applied frame-level classification to identify anatomical regions from
individual images [20], while subsequent work explored clustering-based meth-
ods to segment colonoscopy videos into anatomical sections [13]. More recently,
transformer-based models have been introduced to leverage temporal context
for anatomical segments in endoscopy videos [18], and the release of large-scale
annotated colonoscopy datasets [1] has enabled TCN-based frameworks for full-
procedure video temporal segmentation [2].

However, all existing approaches treat anatomical colon segments as an un-
ordered set of independent categories. This formulation ignores the inherent
anatomical ordinality of the colon, the fact that segments follow a fixed proximal-
to-distal sequence, leading to temporally inconsistent predictions with transitions
between non-adjacent regions that are anatomically implausible [5].

In this work, we propose an ordinal-aware framework that incorporates anatom-
ical ordinal priors into both training and inference via distance-weighted ordinal
regression losses and a transition-constrained decoder. We evaluate our frame-
work on the REAL-Colon dataset [1] and assess cross-dataset generalization on
the CAS-Colon dataset [23] without any target-domain fine-tuning. The main
contributions of this work are as follows:

1. We propose distance-weighted ordinal regression losses and a transition-
constrained decoder that jointly enforce anatomical ordinality during train-
ing and inference.

2. Experiments on the REAL-Colon benchmark demonstrate improved perfor-
mance and temporal consistency, with cross-dataset generalization validated
on CAS-Colon without target-domain fine-tuning.
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Fig. 1. Overview of the proposed ordinal-aware framework. (A) Colonoscopy frames are
encoded using a GastroNet backbone [3] into a sequence of frame-level embeddings. (B)
A temporal segmentation model is trained with categorical, boundary smooth loss, and
ordinal regression loss. (C) Raw predictions are refined through an ordinal-constrained
decoding to produce the final result.

2 Methods

2.1 System Overview

We address the temporal segmentation of colonoscopy withdrawal videos, where
each frame is assigned to one of seven anatomical segments traversed during
withdrawal procedure: ileum, cecum, ascending, transverse, descending, sigmoid,
and rectum. A pretrained vision encoder extracts per-frame embeddings X €
RT*P and a temporal model fy produces frame-wise predictions §; € {0,...,6}.

A distinctive property of this task is that the label space carries a strict
anatomical ordering. During withdrawal, the endoscope retraces a fixed proximal-
to-distal path, yielding a near-monotonic sequence ileum(0) — - - - — rectum(6)
where backward transitions are rare and segment skipping is anatomically im-
plausible. Standard temporal segmentation methods treat all classes as un-
ordered, penalizing a misclassification from cecum to ascending identically to
one from cecum to rectum, and impose no constraint on the direction of la-
bel transitions. We build upon ColonTCN [2]|, which processes the embeddings
through stacked dilated temporal convolutions. ColonTCN establishes a strong
baseline but does not exploit the ordinal structure of the label space. In the
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following sections, we introduce components at both training and inference time
that explicitly encode this anatomical ordering. Fig. 1 summarizes the overall
pipeline, from GastroNet-based frame embeddings to ordinal-aware training ob-
jectives and the ordinal-constrained decoding stage.

2.2 Dataset

We evaluate on two colonoscopy video datasets. The REAL-Colon dataset [1]
comprises 60 full-procedure colonoscopy videos, with frame-level annotations for
seven anatomical withdrawal-phase segments (ileum, cecum, ascending, trans-
verse, descending, sigmoid, and rectum). Following ColonTCN, videos are sub-
sampled to 5 fps, and frames with insertion phases are excluded. Frames anno-
tated as uncertain (<0.2% of all frames) are excluded from loss computation.
Frame embeddings are extracted using a ViT backbone with GastroNet-5M DI-
NOv1 weights [3], yielding 384-dimensional embeddings. For training, each video
is augmented with a single, video-consistent spatial transform comprising ran-
dom horizontal flip, vertical flip, and HSV color jitter.

For cross-dataset generalization, we evaluate on CAS-Colon [23], which
provides timestamp-based annotations across ten colon regions. Hepatic flexure
and splenic flexure are merged into transverse colon, and anal canal into rectum,
yielding the same seven-segment label space. We randomly sample 20 videos as
the test split, with no target-domain fine-tuning performed.

2.3 Experimental Setup

Baseline Models We evaluate against ColonTCN [2], ASFormer [26], and
TeCNO [7], representing task-specific TCN, transformer-based, and multi-stage
convolutional approaches to temporal segmentation. To ensure fairness, we re-
train all baselines using the same split, embeddings, and evaluation protocol.

Implementation Details Models are trained on the REAL-Colon dataset split
into 44 training, 4 validation, and 12 test videos using AdamW (Ir = 5e-4) for
100 epochs with early stopping on validation weighted Jaccard. All baseline
models are retrained under the same data pipeline and evaluation protocol to
ensure a fair comparison. Experiments are conducted on a single NVIDIA A6000
GPU (Python 3.12, CUDA 12.2). Loss weights: A\cg=0.5, Armse=0.15 (7=4),
Abnd=0.5 (r=5), Areg=0.3. OCD: a=10, =5, free start, w=3.

Metrics We report weighted F1 (wF1) and weighted Jaccard (wJacc) averaged
by class support, alongside weighted mean absolute percentage error (WMAPE)
measuring proportional deviation between predicted and ground-truth segment
durations. To quantify prediction stability, we additionally report the average of
label transitions.
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Fig. 2. Illustration of how anatomical ordinality is incorporated into the loss function.
(A) Categorical loss penalizes all incorrect predictions equally regardless of anatomical
proximity. (B) The proposed ordinal regression loss penalizes predictions in proportion
to their anatomical distance from the ground truth segment, assigning a small penalty
to adjacent errors (Pred 2) and a large penalty to distant errors (Pred 3).

2.4 Ordinal-Aware Objectives

We augment the standard training objective with two auxiliary losses that en-
code the ordinal structure of the label space and promote temporal stability of
predictions. As illustrated in Fig. 2, our auxiliary ordinal regression head penal-
izes misclassifications in proportion to anatomical distance, unlike categorical
loss which treats all errors equally.

Ordinal Regression Head (ORH) To further enforce ordinal awareness, we
attach a lightweight auxiliary head hg that maps the temporal model’s logits to
a scalar anatomical position [5,25]:

P = o(hy(fo(xt))) - (C 1) (1)

where o is the sigmoid function, constraining 7; € [0, C' — 1]. The head is trained
with mean absolute error against the integer class label: Ly = ﬁ Ztev |7t — el
where V denotes valid (non-ignored) frames. This scalar formulation provides a
graded supervision signal aligned with anatomy, directly reflecting the distance-
sensitive behavior depicted in Fig. 2.

Boundary Smooth Loss Temporal mean squared error penalize differences
between adjacent frames uniformly, which suppresses chattering but also blurs
genuine segment boundaries [10]. We introduce a boundary-aware variant that
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applies smoothing only within stable regions. Specifically, we identify GT bound-
ary frames and dilate them by a radius r, then compute the symmetrized KL
divergence only over stable frame pairs:

Lpna = Fl‘ Z %[DKL@thtfl) + Dxr(pi—1llpe)] (2)

(t,t—1)eS

where S is the set of consecutive frame pairs in which neither frame falls within
radius 7 of a GT boundary. This preserves sharp transitions at true segment
boundaries while suppressing mid-segment fluctuations. The total loss combines
the above with the standard multi-stage cross-entropy:

L= ECE + )\regﬁreg + )\bndﬁbnd (3>

Ordinal-Constrained Decoding (OCD) While training encourages ordinal
consistency, per-frame argmax predictions can still exhibit anatomically implau-
sible transitions such as backward jumps or segment skipping. We address this
at inference with a penalized Viterbi decoding that finds the globally optimal
path under an ordinal transition prior [16,24].

Given predicted probabilities p; € [0,1]¢, we apply temporal average pool-
ing with window size w to suppress transient fluctuations, then convert to log-
probabilities £, € R®. A transition score matrix A € R“*¢ encodes the anatom-
ical plausibility of moving from state j at time ¢ — 1 to state ¢ at time ¢:

0 if i = j (stay)
p - 0 ifi=j+1 (forward-1) (4)
Y - (1) if i < j (backward)

—B-(i—j—1) ifi>j+1 (skip)

where « and (3 are the backward and skip penalty coefficients. The optimal path
is obtained via dynamic programming:

Vili) = £a(3) + max V-1 () + A (5)
with backtracking to recover y* = arg max Vp. Forward progression and staying

incur no cost, while backward transitions and non-adjacent forward jumps are
penalized proportionally to their magnitude.

3 Results

3.1 Comparative Performances

Table 1 summarizes the segmentation performance on the REAL-Colon internal
test set [1]. The proposed method achieves the highest performance across all
segmentation metrics, yielding a wF1 of 0.7621 and a wJacc of 0.6286. Further-
more, it records the lowest WMAPE (0.1400) and reduces the average number
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Table 1. Comparison of temporal segmentation models on the REAL-Colon dataset
[1]. Evaluation metrics include weighted F1 (wF1), weighted Jaccard (wJacc), weighted
mean absolute percentage error (WMAPE), and the average number of label transitions
(Transitions). Best results are highlighted in bold.

Method wF1 (1) wlacc (1) WMAPE (|) Transitions (J)
TeCNO [7] 0.6242 0.5147 0.5203 92.34
ASFormer [26] 0.6884  0.5503 0.2050 13.75
ColonTCN [2] 0.7120  0.5748 0.2566 30.25
Ours 0.7621 0.6286 0.1400 15.84

of label transitions to 15.84 per video, demonstrating improved temporal consis-
tency compared to the baseline models.

To assess generalizability beyond the training distribution, we evaluate the
models on held-out CAS-Colon videos without any target-domain fine-tuning
[23]. As reported in Table 2, the proposed method maintains its performance
advantages on the unseen dataset, achieving a wF1 of 0.7300 and a wJacc of
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Fig. 3. Qualitative temporal segmentation results on representative videos from the
(A) REAL-Colon and (B) CAS-Colon test sets. Each bar visualizes the predicted
anatomical segment sequence over the withdrawal phase. Ours (Raw) denotes the model
predictions before applying ordinal-constrained decoding (OCD), while ’Ours (OCD)’
presents the final output after the OCD process.
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Table 2. Cross-dataset generalization results on the CAS-Colon dataset. Models were
trained on REAL-Colon and evaluated without any target-domain fine-tuning. Best
results are highlighted in bold.

Method wF1 (1) wJacc (1) WMAPE () Transitions ({)
TeCNO [7] 0.6572  0.5355 0.3722 31.25
ASFormer [26] 0.6853 0.5367 0.2646 6.687
ColonTCN [2] 0.6412  0.4922 0.3039 79.31
Ours 0.7300 0.5935 0.1420 7.750

Table 3. Ablation study of the proposed components on the REAL-Colon dataset.
Evaluation metrics include weighted F1 (wF1), weighted Jaccard (wJacc), weighted
mean absolute percentage error (WMAPE), and the average number of label transitions
(Transitions). Best results are highlighted in bold.

Method wF1 (1) wlacc (1) WMAPE (|) Transitions ()
Baseline (ResNet50 Encoder [12]) 0.6850  0.5230 0.4363 46.75
+ Using GastroNet Encoder [3]  0.7255  0.5830 0.2363 31.25
+ Ordinal Regression Head 0.7560  0.6123 0.1852 26.75
+ Ordinal-constrained Decoding 0.7621 0.6286 0.1400 15.84

0.5935. Additionally, the WMAPE remains low at 0.1420, indicating robust seg-
ment duration estimation across different clinical centers.

As shown in Fig. 3 (A), ColonTCN [2] produces frequent label flickering
at segment boundaries, including erroneous transitions between non-adjacent
regions. Our model reduces this effect in its raw output, and the OCD fur-
ther suppresses residual flickering to yield temporally coherent predictions. On
CAS-Colon (Fig. 3 (A)), ColonTCN [2] shows substantial misclassification in the
ascending and descending, while our model maintains consistent predictions.

3.2 Ablation Study

We performed an ablation study to evaluate the contribution of each proposed
component. Table 3 reports the results on the REAL-Colon test set [1]. The
baseline model yields a wF1 of 0.6850 and a WMAPE of 0.4363. Integrating
the modified encoder improves the wF1 to 0.7255 and substantially reduces the
WMAPE to 0.2363. The subsequent addition of the ORH further increases the
wF'1 to 0.7560 and decreases the WMAPE to 0.1852. Finally, applying the OCD
during inference achieves the best overall performance, peaking at a wF1 of
0.7621 and minimizing the WMAPE to 0.1400.

These results highlight the complementary roles of the two components.
The ORH reduces ordinal violations in the raw output, mitigating the risk of
OCD propagating erroneous predictions, while OCD eliminates residual bound-
ary flickering that persists without decoding constraints.
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4 Discussion

In this study, we proposed an ordinal-aware framework for colonoscopy temporal
segmentation incorporating ordinal regression loss and a transition-constrained
decoder. It consistently outperformed existing baselines on both the internal test
set and the generalization benchmark, with a notably reduced number of label
transitions, confirming that ordinal priors provide a generalizable inductive bias
for this task. The ablation study confirms that each component contributes to
both segmentation accuracy and temporal consistency.

A limitation concerns the decoding strength: overly aggressive « and S may
smooth brief but locally valid retrograde events near ambiguous boundaries such
as cecum—ascending, so the penalties should be tuned to balance flickering sup-
pression with preservation of genuine short revisits.

Clinically, our framework targets offline post-procedure reporting, document-
ing examined regions and lesion locations from the completed video. This scope
does not cover full-procedure endpoints such as cecal intubation assessment or
real-time deployment, which we leave to future work along with integration into
automated reporting pipelines.
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