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ABSTRACT

We cast the detection of strongly-labelled Antarctic baleen whale
calls in the BioDCASE-2026 Task 2 data as a two-dimensional
object-detection problem on spectrogram images, and address it
with RF-DETR, a detection transformer built on a self-supervised
DINOV2 backbone. Calls are detected as bounding boxes in the
time—frequency plane and projected onto the time axis, and the pre-
dictions from overlapping spectrogram windows are consolidated
by confidence thresholding and temporal non-maximum suppres-
sion. On the development validation data the system attains an F}
of 0.584, compared with 0.438 for the official YOLOvV11 baseline
under the same evaluation protocol, a relative improvement of about
33%.

Index Terms— sound event detection, bioacoustics, baleen
whale, detection transformer, transfer learning

1. INTRODUCTION

BioDCASE 2026 Task 2 [1], the second edition of the BioD-
CASE whale-call detection task [2], asks for the detection and clas-
sification of seven call types produced by two Antarctic baleen
whale species: the blue whale (Balaeonoptera musculus) (BmA,
BmB, BmZ, BmD) and the fin whale (Balaenoptera physalus)
(BpD, Bp20, Bp20+). For scoring, these seven types are collapsed
into three groups—the blue-whale ABZ call (BmA/BmB/BmZ),
the downsweep (BmD/BpD), and the fin-whale 20Hz pulse
(Bp20/Bp20+)—and performance is measured by per-class Preci-
sion, Recall and F', where a detection is counted as correct when
its temporal intersection-over-union (IoU) with a reference event
exceeds 0.3 [3].

The official baseline [3] renders each recording as a sequence
of spectrograms and detects calls with a YOLOvV11s object detec-
tor, exploiting the fact that whale calls have a characteristic, vi-
sually distinctive footprint in the time—frequency plane. We keep
this detection-on-spectrograms formulation but replace the convolu-
tional detector with a detection transformer initialised from a strong
visual foundation model, which we find transfers well to the spec-
trogram domain despite the large gap from its natural-image pre-
training.

2. METHOD

2.1. Time—frequency representation

Each recording is processed at a sampling rate of 250 Hz, which
covers the full bandwidth of the target calls (below 125Hz). A

recording is divided into 80 s windows with 50% overlap, so that
a call near a window boundary is captured intact in at least one win-
dow. Every window is transformed by a short-time Fourier trans-
form with a 2.05 s analysis window and a 0.31 s hop; the resulting
magnitude is mapped to decibels and rendered, with low frequen-
cies at the bottom, as a single-channel image of 257 x 260 pixels
(frequency x time). Reference annotations are expressed as bound-
ing boxes in window-local time—frequency coordinates.

2.2. Detector

The detector is RF-DETR Large [4], a DETR-style [5] architec-
ture whose backbone is a DINOv2 [6] ViT-L encoder pre-trained
by self-supervision on a large natural-image corpus. The detection
transformer predicts a fixed set of boxes directly, without anchor
boxes or a hand-tuned suppression heuristic in the detector itself,
which suits the sparse and variable-duration nature of whale calls.
The single-channel spectrogram is replicated to three channels to
match the backbone; the classification head is sized for the seven
call types and the architecture is otherwise unchanged.

2.3. Training

The detector is fine-tuned for 20 epochs on the development train-
ing split with the optimisation settings released with RF-DETR
(AdamW, base learning rate 10~ and backbone learning rate 1075,
weight decay 1073, batch size 16, exponential-moving-average of
the weights with decay 0.993) on a single NVIDIA A100 GPU. Spa-
tial and photometric augmentations (random crop, horizontal flip)
are applied to the spectrogram images. We retain the exponential-
moving-average weights that give the best validation F1, which oc-
cur at epoch 10. The DINOv2 backbone is the only external re-
source used; no external audio is employed.

2.4. Inference and post-processing

The transformer emits many overlapping candidate boxes, both
within a window and across the 50% window overlap. We first dis-
card candidates whose confidence falls below a threshold 7, then
apply temporal non-maximum suppression: within each recording
and predicted class, candidates are considered in order of decreasing
confidence and any candidate whose temporal IoU with an already-
retained one exceeds 0.3 is removed. The surviving detections are
mapped from the seven call types to the three evaluation groups,
and their window-local times are converted back to absolute time.
We set 7 = 0.4 based on the sweep reported in Section 3 (Table 3).
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Table 1: Overall performance on the development validation split.
Precision and Recall are averaged across the three evaluation
groups; F is derived from the averaged values.

Recall 1

YOLOV11 baseline [3] 0.498 0.390 0.438
RF-DETR (this work) 0.555 0.616 0.584

System Precision

Table 2: Per-deployment performance of the proposed system on
the validation split.

Recall I3

casey2017 0.558 0.657  0.603
kerguelen2014 0.592 0.558  0.574
kerguelen2015 0.578 0.675  0.622

Deployment Precision

3. EXPERIMENTS

3.1. Protocol

We evaluate on the development validation split, which com-
prises 587 one-hour recordings drawn from three deployments
(casey2017, kerguelen2014, kerguelen2015), using the official eval-
uation procedure at the temporal IoU threshold of 0.3 [3]. Following
the challenge convention, per-class Precision and Recall are aver-
aged with equal weight across the three evaluation groups, and F
is computed from the averaged Precision and Recall. As a reference
point we reproduce the official YOLOv11 baseline from its released
checkpoint [7] under the identical protocol.

3.2. Results

Table 1 reports the overall comparison. The proposed system raises
Fy from 0.438 to 0.584, improving both Precision and Recall over
the baseline rather than trading one for the other. Table 2 breaks the
result down by deployment; performance is consistent across the
three sites, with F1 between 0.57 and 0.62.

3.3. Effect of post-processing

Table 3 sweeps the confidence threshold 7 from 0.1 to 0.5 in steps of
0.1, with and without temporal non-maximum suppression (NMS).
Two effects are clear. First, NMS helps at every threshold, with
the largest gains at low 7 where the overlap-induced duplicates are
most numerous (e.g. +0.13 F; at 7 = 0.2). Second, F; rises with
7 up to 0.4 and then declines, so 7 = 0.4 with NMS is the operating
point we submit. The two stages are complementary: thresholding
alone plateaus at 0.52, and NMS lifts the peak to 0.584.

3.4. Per-class results

Table 4 gives the per-group breakdown at the submitted operating
point. The fin-whale 20 Hz pulse is detected most precisely (£} =
0.63) and the blue-whale ABZ call has the highest Recall (0.81),
while the downsweep is the hardest group (F1 = 0.48): it is the
rarest and most easily confused class, and brings down the averaged
score.

Challenge

Table 3: Validation F} as a function of the confidence threshold 7,
with and without temporal NMS. Best in bold.

T no NMS  with NMS
0.1 0.112 0.222
0.2 0.287 0.420
0.3 0.432 0.535
0.4 0.519 0.584
0.5 0.519 0.551

Table 4: Per-class performance at the submitted operating point
(7 = 0.4 with NMS) on the validation split.

Call group Precision  Recall 1

ABZ call (BmA/BmB/BmZ) 0.474 0.805  0.597
Downsweep (BmD/BpD) 0.471 0.488  0.480
Fin 20 Hz (Bp20/Bp20+) 0.721 0.555 0.627

4. DISCUSSION

The result indicates that a detection transformer with a strong vi-
sual prior is a competitive backbone for bioacoustic event detec-
tion, even though its pre-training is on natural images rather than
spectrograms. Several directions could narrow the remaining gap.
An audio-pre-trained encoder such as BEATSs [8] or Audio-MAE
[9] would match the input domain more closely and might trans-
fer better than a vision backbone. Our single confidence thresh-
old is shared across all call types; tuning it per evaluation group
would let the system trade Precision against Recall where each call
type benefits most. The detector also receives no explicit prior on
the frequency band that each call type occupies, information that a
purpose-built acoustic detector would exploit. Finally, the reported
figures come from a single model without ensembling.

A caveat for the challenge evaluation is that the development
and evaluation data come from disjoint deployments: the validation
recordings are from casey2017, kerguelen2014 and kerguelen2015,
whereas the evaluation set is drawn from ddu2019, ddu2021, ker-
guelen2019 and kerguelen2020. The shift in site and year intro-
duces a soundscape domain gap, so some drop relative to the vali-
dation numbers reported here is expected on the evaluation set.
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