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Abstract. We describe our submission to the Cavity Detection and Seg-
mentation task (Task 1) of the TREAT-MMTB-2026 challenge [1], which
targets binary pulmonary-cavity segmentation on chest X-ray (CXR)
evaluated by a composite of case-level detection (0.7) and region Dice
(0.3). Detection carries most of the score, yet only 444 mask-labeled im-
ages are available. We therefore train the case-level decision on a much
larger, publicly available set of case-labeled CXR and keep it separate
at inference: a cavity-presence classifier determines the case label, and
the segmentation model produces a mask for predicted positives and an
empty mask otherwise. Both encoders are adapted to CXR by vision–
language pretraining (VLP) on MIMIC-CXR, whose radiology reports we
enrich with cavity- and tuberculosis-related sentences from LLM label-
ing. Rather than using the pretrained encoder directly for segmentation,
we first fine-tune it as a cavity-presence classifier on 13,174 case-labeled
images, so that it has learned to detect cavities at scale before ever seeing
a mask. Pairing a single unaugmented detector with a four-member seg-
mentation ensemble trained on the 444 masks alone scores a composite of
0.6265 on the previously released test split and 0.6001 on the organizers’
held-out external evaluation. Between the two sets, detection transferred
well (0.757 → 0.811) while Dice score decreased (0.323 → 0.108). Our
model placed third in Task 1.

Keywords: Tuberculosis · Chest X-ray · Cavity segmentation · Vision–
language pretraining.

1 Introduction

Cavitary lesions on chest X-ray (CXR) are key indicators of tuberculosis infec-
tiousness, so their automatic detection and localization are clinically useful. The
challenge poses this problem as binary cavity segmentation, scored by

S = 0.7Adet + 0.3Dice, (1)

where Adet is case-level presence accuracy and Dice is the Dice score averaged
over cases, at the original resolution excluding cases where both ground truth
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Fig. 1. The three channels of the [eq, CLAHE, base] input stack on a CXR provided by
the challenge. The encoder consumes the three renderings as one three-channel image.

and prediction are empty. The released mask-labeled set is limited (444 train /
111 test, of which 58 are cavity-positive and 53 negative), and many cases are
cavity-negative. We therefore chose to train detection on a much larger set of
case-labeled images and use the limited mask dataset for segmentation.

Since detection carries the larger weight in the composite score, our model
design prioritizes case-level classification.

Our contributions are: (i) a vision–language pretraining (VLP) stage on a
large report-paired CXR dataset that adapts a general-domain vision backbone
without requiring task-specific labels; (ii) a two-model design that delegates the
case-level decision to a classifier trained on over 30× more labels than the mask
set; (iii) a staged encoder transfer that first fine-tunes the segmentation encoder
as a cavity-presence classifier before pairing it with the segmentation decoder.

2 Method

2.1 Input Representation

A three-channel stack of different contrast views is expected to carry more infor-
mation than the raw grayscale alone and to be more robust to variability across
acquisition devices and imaging conditions. To this end, from each min–max-
normalized, MONOCHROME1-inverted grayscale image, denoted base, we build
the three-channel stack [eq, CLAHE, base], where eq is a globally histogram-
equalized base and CLAHE is contrast-limited adaptive histogram equaliza-
tion [15] (clip 1.0, 8 × 8 tiles) (Fig. 1). Images keep their aspect ratio and are
zero-padded to 1024 × 1024. The stack and the geometry are identical in pre-
training, fine-tuning, and inference, and both the classification fine-tuning and
the segmentation training share a top-left padding convention. Dice is scored
after resizing predictions back to native resolution.

2.2 Vision–Language Pretraining

We adapt DINOv3 [3] backbones to CXR with a vision–language objective on
MIMIC-CXR [5], following GLINT [2]. Each report is decomposed into finding-
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level sentences. Because the target findings are rare in free text, we additionally
label each report with an LLM (Qwen3.6-35B-A3B [6]) for cavity and tuber-
culosis status. We encode sentences with MPNet [7] and align them to image
features with a multi-positive InfoNCE loss [8]. We pretrain two vision encoders
on frontal studies only, both at 1024: a ViT-L/16 for detection and a ConvNeXt-
L [4] for segmentation, both initialized from DINOv3 [3] weights. Both encoders
are trained without the dense feature regularization (DFR) branch of GLINT,
which distills patch features from a frozen vision model teacher. The ViT-L en-
coder has one CLS and four register tokens ahead of its patch sequence; we
exclude these five tokens and pool over patch tokens only. The ConvNeXt-L
encoder has no such special tokens, so its feature map is used directly.

2.3 Case-Level Cavity Detection

Case-level cavity labels exist at a far larger scale than masks, so we train the
presence classifier on them. From the NIAID TB Portals program [17] we take
the union of three published CXR releases (August 2023, March 2025, March
2026 v2) after deduplication and derive a binary cavity label per study from their
sextant-level manual annotations. We remove any study matching a released
challenge test image, along with all other studies of those patients. Pooled with
the challenge training images and split by patient, this gives 14,902 training
cases (6,587 positive / 8,315 negative) and 1,646 held-out cases; sampling one
negative per positive leaves 13,174 for training.

The detector consists of the pretrained ViT-L encoder with attentive pooling
over its patch tokens and a two-layer MLP head. It is trained end-to-end with
binary cross-entropy at 1024 resolution using AdamW [16] (encoder lr 2× 10−5,
pool/head lr 1 × 10−4), a cosine schedule with 5% warmup, weight decay 0.05,
bfloat16, and an effective batch 64, for at most 10 epochs with early stopping on
held-out AUROC (patience 4). The held-out split shares no image or patient with
the challenge test set. The submitted detector model reaches AUROC 0.8386 on
it.

2.4 Staged Encoder Transfer for Segmentation

With only 444 masks available, the segmentation encoder’s pretrained represen-
tations matter more than what it can learn from the masks alone. We there-
fore insert a classification stage between pretraining and segmentation. The
ConvNeXt-L encoder is first fine-tuned as a cavity-presence classifier on exactly
the data above, with the same recipe as the detector, and its weights are then
exported to initialize every segmentation model. The segmentation encoder con-
sequently arrives having seen 13,174 case-labeled cavity images, compared to the
444 masks it is about to be trained on. The detector used at inference remains
a separate ViT-L model, ensuring that the case-level decision and the mask are
never produced by the same network.
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2.5 Segmentation Model

The transferred ConvNeXt-L encoder feeds a ConvNeXt-aware U-Net [9]
with four encoder stages aggregated coarse-to-fine by a pyramid-pooling
bottleneck [10], all-stage skip connections, decoder widths [512, 256, 128, 64],
GroupNorm/GELU blocks, and deep-supervision heads [11,12]. The decoder
emits a single cavity logit per pixel plus a global-average-pooled presence logit.
Each model is fine-tuned end-to-end on the 444 masks at 1024 input resolution
under

L = LFocal + LTversky + 0.5Lpres + 0.4Lds, (2)

where Lpres is a binary cross-entropy on the pooled presence logit and Lds is the
mean of the same pixel loss over the auxiliary decoder heads, with Focal [13]
at γ = 2 and Tversky [14] at α = 0.3, β = 0.7. Both terms address the fore-
ground/background imbalance, and the Tversky asymmetry penalizes false neg-
atives more than false positives. Training uses AdamW [16] (encoder lr 2×10−5,
decoder/heads lr 3 × 10−4), a cosine schedule with 5% warmup, weight decay
0.05, bfloat16, and an effective batch size of 32 over eight GPUs, for at most 60
epochs with early stopping on the composite (patience 8). The loss is evaluated
on a 1024 mask grid, matching the encoder input.

Since only 444 mask-labeled images exist, a single model has high variance.
We therefore ensemble four members that share this recipe and differ only in
random seed, averaging their probability maps at inference.

2.6 Operating Points and Inference

The case-level decision is taken from the detector alone and is never overridden by
the segmentation output. Predicted negatives receive an empty mask, following
the challenge protocol. A predicted positive with an otherwise empty thresholded
mask retains its top 1% most confident pixels, so the case label and the mask
remain consistent.

The two thresholds are fitted on different objectives and different data, never
jointly on the composite: the mask threshold maximizes ungated mean Dice on
the released 111-image test split, a property of the segmentation model alone,
while the detection threshold τ maximizes presence accuracy on the detector’s
own 1,646-case held-out split, which contains none of the images being scored.
The submitted operating point is τ = 0.70 with a mask threshold of 0.79 on the
member-averaged probability map.

3 Experiments and Results

3.1 Two Evaluations

The challenge provides two evaluation settings. Stage 1 is the released 111-case
test split (58 positive / 53 negative) with ground-truth masks. Since no separate
validation split is provided, we also use this dataset for epoch selection and mask
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Table 1. Stage 1 ungated mean Dice (111 cases), mask threshold fitted per row.

Configuration Threshold Dice

Submitted configuration (four seeds)
M1 0.96 0.4086
M2 0.75 0.3475
M3 0.74 0.3951
M4 0.90 0.4060
ensemble of M1–M4 0.74 0.4391

Encoder learning rate variants
enc. 1×10−5 0.57 0.3626
enc. 5×10−6 0.93 0.3650

Other configurations
S0 (no detection pretraining) 0.86 0.4365
S1 (BCE+Dice loss) 0.74 0.3711

threshold fitting, making it optimistic by construction. Stage 2 is the organizers’
held-out external evaluation, never disclosed to participants, and serves as the
final challenge result.

3.2 Detection Threshold Selection

Because a predicted positive assigned an empty mask contributes Dice 0 rather
than being excluded, the detection threshold τ moves both terms of Eq. 1 in
opposite directions. The submitted entry uses τ = 0.70. For predicted positives
whose thresholded mask is empty, we retain the top 1% most confident pix-
els, a fraction chosen to approximate the median foreground pixel count among
positive cases in the training set.

3.3 Segmentation Ablation on Stage 1

Table 1 compares segmentation models alone, as ungated mean Dice on 111
cases with the mask threshold fitted per model. The detector’s presence gating
is excluded so that the numbers measure mask quality alone.

Three observations emerge from the results. First, seed variance is large:
the four members of a single configuration span 0.348 to 0.409, motivating the
use of ensembling, which consistently improves mean Dice with diminishing re-
turns and reduces variance across member combinations. Second, the submitted
learning-rate pairing dominates both alternatives by about 0.045. Third, S0 al-
ready reaches 0.4365 alone, within the noise margin of the four-seed ensemble,
a fact revisited in Sect. 3.4.

3.4 What Transferred and What Did Not

The submitted system scores a composite of 0.6265 on the 111 released test
cases (Adet = 0.7568, Dice = 0.3227, at τ = 0.70 and mask threshold 0.79)
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Fig. 2. Qualitative results at mask threshold 0.79, before presence gating. Green:
ground truth, Red: prediction. (a) Correctly localized cavity. (b) Mask placed in the
wrong region (Dice 0). (c) Cavity-negative case; false positive removed by presence
gating.

and 0.6001 on the external test set (0.8112, 0.1077). Detection improved across
the two sets: 0.757 → 0.811, while Dice decreased: 0.323 → 0.108. The case-level
decision, trained on 13,174 images from a different corpus, transferred. The mask
geometry, learned from 444 images with its threshold fitted on Stage 1, did not
(Fig. 2).

The ensemble also did not transfer: on released 111 cases, it improved Dice by
+0.031 over the best single member (Table 1), but on the external set it scored
0.1077, below the single model at 0.1130 under identical detection accuracy.

4 Limitations

We did not fully ablate the staged encoder transfer against direct initialization
from the pretrained encoder. We also explored weak supervision using TB Por-
tals sextant-level annotations, which divide each lung into six zones, to improve
localization; however, it did not improve Dice, likely because the zones are too
coarse at 1024 resolution to sharpen boundaries. Finally, our ensemble relies on
seed-level diversity alone; a single model with stronger intrinsic robustness would
be preferable to variance reduction through averaging.
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5 Conclusion

The composite score weights case-level detection far more than boundary accu-
racy, while mask supervision is two orders of magnitude smaller than the publicly
available case-level labels. Designing our system around this asymmetry yielded
a composite of 0.6001 on the external evaluation, with detection transferring well
across test sets and Dice not. The components that generalized are those super-
vised at scale, suggesting that further improvement would benefit more from
acquiring additional mask annotations to improve segmentation robustness. The
submission placed third in the final Task 1 ranking.
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