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Figure 2. We apply domain adaptation to both network stages: Adversarial adaptation (ADV) on global image features and supervised
prototype-based adaptation (SPA) on region-specific features. For ADV, we propose to couple the domain discriminator’s influence to
its loss, resulting in higher precision and more stable training. In SPA, we compute each region’s overlap with annotations to build
foreground/background prototypes to align classification features (SPA-class). In the bounding box regressor, we form prototypes from
regions with positive/negative regression targets (SPA-bbox, depicted is the assignment of regions to prototypes based on the offset ∆x of
their center points). In both cases, regions with an overlap smaller than some threshold are ignored (grey). Prototypes of the same category
are aligned across domains, while different categories are kept distinguishable. Lrpn,Lcls,Lloc are the training losses of Faster R-CNN.

Most previous works investigate an unsupervised domain
adaptation scenario that lacks class and bounding box labels
in the target domain. Few-shot supervised domain adapta-
tion with a small number of annotated images in the target
domain, as explored in this work, has only been rarely in-
vestigated [9]. This scenario clearly differs from traditional
few-shot object detection which detects novel classes in the
same domain [70–72].

Dissociation. To the best of our knowledge, domain adap-
tive object detection targeting fisheye images with its spe-
cific challenges introduced in Section 1 has not yet been
investigated, neither in an unsupervised nor in a few-shot
supervised scenario. Methodologically, the most related ap-
proaches are Wang et al. [9] and Xu et al. [51]. Compared to
Xu et al. [51], we introduce the exploitation of ground-truth
information in multiple ways and a novel adaptation head
called SPA-bbox for bounding box regression. Moreover,
we apply image-level adversarial-based adaptation. Com-
pared to Wang et al. [9], we introduce a novel loss coupling
for adversarial adaptation and apply our novel discrepancy-
based method called supervised prototype alignment (SPA)
for instance-level adaptation. Compared to all prior works
on fisheye pedestrian detection, our method is completely
domain agnostic. It does not rely on available camera pa-
rameters or assumptions on the exact nature of distortions.

3. Method

We propose a novel approach to include supervision in
domain adaptation for few-shot settings. The complete
method is depicted in Figure 2. Faster R-CNN [14] serves
as the base detection architecture for all experiments since
the two-stage architecture facilitates alignment of features
in all parts of the detection pipeline. In contrast to unsuper-
vised adaptation methods, we fine-tune the detector on the
target domain but ignore training losses on the source do-
main. As in previous works [9], adaptation is performed on
global, image-level features in the first stage of the network
and local, region-specific, instance-level features in the sec-
ond stage.

Image-level features are aligned using unsupervised ad-
versarial domain adaptation [42] which we modify for im-
proved stability on small datasets in Section 3.1. We pro-
pose supervised prototype alignment (SPA) for instance-
level alignment of features corresponding to regions of
interest (RoIs) in Section 3.2. Prototypes are generated
and aligned by class (SPA-class) and bounding box offsets
(SPA-bbox).

3.1. Image-level adversarial adaptation

We first align extracted global image features between
domains through a domain discriminator on feature patches
similar to Wang et al. [9] and Zhu et al. [44]. Aligning small
patches reduces the number of parameters in the discrimina-
tor and guarantees a fixed-size input independent of feature
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