








Figure 1. SBAD pipeline: sampling, fine-tuning and evaluation.

cameras that capture an urban environment. This
data set offers a diverse range of spatial and temporal
settings, with varying viewpoints and lighting condi-
tions, including both day and night settings. By test-
ing our approach on this realistic data set, we assess
its performance in real-world scenarios.

Distillation implementation. In line with the prin-
ciples of data distillation proposed by [6], we em-
ploy a large and complex teacher model, YOLOv8x6
(261.1 GFLOPs), to generate pseudo-labels. These
labels are then used to train several smaller student
models, YOLOv8n (8.7 GFLOPs), with less archi-
tectural complexity. Both networks are initially pre-
trained on the COCO dataset [22]. The student mod-
els are re-trained for 100 epochs with a batch size of
16 and a learning rate (LR) of 0.01. The learning rate
is adjusted for each epoch with a change factor (LF)
of 0.01 using Equation 1. The budget of the SBAD
framework is determined by the number of pseudo-
labels used for fine-tuning, which ranges from 25 to
250 in our experiments.

LR =

(
1 − LR

epochs

)
× ( 1 − LF ) + LF (1)

Methods. Due to the lack of prior research on the
SBAD problem in object detection, there are no base-
lines to compare with. To explore the effective-
ness of the confidence-based thresholding algorithm,
we used different baselines. First, a naive N -First
approach has been implemented, where the student
models are fine-tuned by simply taking the first N
images observed from each camera. A second base-
line is given by a random sampling approach, where
a number s ∼ U(0, 1) is generated for each incom-
ing frame, which is queried only if s ≥ 1 − α. A
third baseline is given by a more active learning-
oriented least confidence approach, where similarly
to the case of the highest confidence, we impose a
threshold on the confidence score at the image level.
The main difference is that the threshold ∆ is es-
timated by taking the α-lower percentile from the
warm-up setW .

In our experiments, both α-lower and α-higher
methods used α = 10%. However, it is important
to note that this choice was influenced by the frame
rate and the length of the data stream recorded for
each week. Although smaller values of α may yield
better performance, they would need to span a longer
data stream as we become more selective in terms
of selecting only the most confident frames. There-










