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Abstract
Unsupervised Domain Adaptation has been an efficient approach to transferring
the semantic segmentation model across data distributions. Meanwhile, the recent
Open-vocabulary Semantic Scene understanding based on large-scale vision lan-
guage models is effective in open-set settings because it can learn diverse concepts
and categories. However, these prior methods fail to generalize across different
camera views due to the lack of cross-view geometric modeling. At present, there
are limited studies analyzing cross-view learning. To address this problem, we intro-
duce a novel Unsupervised Cross-view Adaptation Learning approach to modeling
the geometric structural change across views in Semantic Scene Understanding.
First, we introduce a novel Cross-view Geometric Constraint on Unpaired Data
to model structural changes in images and segmentation masks across cameras.
Second, we present a new Geodesic Flow-based Correlation Metric to efficiently
measure the geometric structural changes across camera views. Third, we introduce
a novel view-condition prompting mechanism to enhance the view-information
modeling of the open-vocabulary segmentation network in cross-view adaptation
learning. The experiments on different cross-view adaptation benchmarks have
shown the effectiveness of our approach in cross-view modeling, demonstrating that
we achieve State-of-the-Art (SOTA) performance compared to prior unsupervised
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domain adaptation and open-vocabulary semantic segmentation methods.

1 Introduction

Modern segmentation models [3}, 4] [63] have
achieved remarkable results on the close-set
training with a set of pre-defined categories
and concepts. To work towards human-level
perception where the scenes are interpreted
with diverse categories and concepts, the open-
vocabulary (open-vocab) perception model [38]
based on the power of large vision-language
models [30} 39] has been introduced to address
the limitations of close-set training. By using
the power of language as supervision, the large-
scale vision language model is able to learn the
more powerful representations where languages
offer better reasoning mechanisms and open-
word concept representations compared to tradi-
tional close-set training methods [3} (63} [9].

Figure 1: Our Proposed Cross-view Adaptation
Learning Approach. Prior models, e.g., FreeSeg
[38]], DenseCLIP [40]], trained on the car view do
not perform well on the drone-view images. Mean-
while, our cross-view adaptation approach is able
to generalize well from the car to drone view.
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Recent work is inspired by the success of large Input Image
vision-language models [39, 27] that are able source View -
to learn informative feature representations of ~ Pg%an
both visual and textual inputs from large-scale o¥0
image-text pairs. These have been adopted to
further develop open-vocab semantic segmen-
tation models [38! 40, 31} 29]] that can work
well in open-world environments. However, the
open-vocab perception models remain unable to
generalize across camera viewpoints. As shown
in Fig. [T} the open-vocab model trained on car
views is not able to perform well on the images
captured from unmanned aerial vehicles (UAVs)
or drones. While this issue can be improved by
training the segmentation model on drone-view
data, the annotation process of high-resolution UAV data is costly and time-consuming. At present,
there exist many large-scale datasets with dense labels captured from camera views on the ground,
e.g., car views (SYNTHIA [44], GTA [43], Cityscapes [[L1], BDD100K [68]]). They have been widely
adopted to develop robust perception models. Since these car view and drone view datasets have
many common objects of interest, incorporating knowledge from car views with drone views benefits
the learning process by reusing large-scale annotations and saving efforts of manually labeling UAV
images. Unsupervised domain adaptation (UDA) [58} 1231, 1511153]] is one of the potential approaches
to transfer the knowledge from the car view (i.e., source domain) to the drone view (i.e., target
domain). While UDA approaches have shown their effectiveness in transferring knowledge across
domains, e.g., environment changes or geographical domain shifts, these methods remain limited
in the cases of changing camera viewpoints. Indeed, the changes in camera positions, e.g., from
the ground of cars to the high positions of drones, bring a significant difference in structures and
topological layouts of scenes and objects (Fig. [2). Therefore, UDA is not a complete solution to this
problem due to its lack of cross-view structural modeling. Additionally, although the open-vocab
segmentation models have introduced several prompting mechanisms, e.g., context-aware prompting
[40]] or adaptive prompting [38] to improve context learning across various open-world concepts,
they are unable to model the cross-view structure due to the lack of view-condition information in
prompts and geometric modeling. To the best of our knowledge, there are limited studies that have
exploited this cross-view learning. These limitations motivate us to develop a new adaptation learning
paradigm, i.e., Unsupervised Cross-view Adaptation, that addresses prior methods to improve the
performance of semantic segmentation models across views.

Target View
Domain

Figure 2: An Example of Illustration of Cross-
View Adaptation From Car View to Drone View.

Contributions: This work introduces a novel Efficient Adaptive Geometry-based Learning (EAGLE)
to Unsupervised Cross-view Adaptation that can adaptively learn and improve the performance
of semantic segmentation models across camera viewpoints. First, by analyzing the geometric
correlations across views, we introduce a novel cross-view geometric constraint on unpaired data
of structural changes in images and segmentation masks. Second, to efficiently model cross-view
geometric structural changes, we introduce a new Geodesic Flow-based Metric to measure the
structural changes across views via their manifold structures. In addition, to further improve the
prompting mechanism of the open-vocab segmentation network in cross-view adaptation learning,
we introduce a new view-condition prompting. Then, our cross-view geometric constraint is also
imposed on its feature representations of view-condition prompts to leverage its geometric knowledge
embedded in our prompting mechanism. Our proposed method holds a promise to be an effective
approach to addressing the problem of cross-view learning and contributes to improving UDA
and open-vocab segmentation in cross-view learning. Thus, it increases the generalizability of the
segmentation models across camera views. Finally, our experiments on three presented cross-view
adaptation benchmarks, i.e., SYNTHIA ¥ UAVID, GTA ¥ UAVID, BDD ¥ UAVID, illustrate the
effectiveness of our approach in cross-view modeling and our State-of-the-Art (SOTA) performance.

2 Related Work

Unsupervised Domain Adaptation Adversarial learning [6} 58] |59]] and self-supervised learning
[L, 169} 23] [14] are common approaches to UDA in semantic segmentation. The adversarial learning
approaches are typically simultaneously trained on source and target data [58 [7,16]. Chen et al. [7]
first introduced an adversarial framework to domain adaptation. Later, several approaches improved



adversarial learning by utilizing generative modéld, [34, [21], using additional labels28, [59],
incorporating with entropy minimizatiofbB, 65, 51, 52], or adopting the curriculum trainingy].
Recently, the self-supervised approachkesp, 23, 14] have achieved outstanding performance.
Araslanov et al. I] rst proposed a self-supervised augmentation consistency framework for UDA.
Hoyer et al. 3] utilized Transformers to improve the UDA performance. Later, this approach was
further improved by utilizing multi-resolution cropped imag@d][and masked image consistency
strategy P5] to enhance contextual learning. Recent studies improved the self-supervised approach
by aligning both output and attention levels via the cross-domain prediction consistency framework
[60], using a prototypical representatiodd], learning the cross-model consistency via dep@¥, [
improving the class-relevant fairne€s3[ 55, 56, or exploring the relations of pseudo-labeld].
Fashes et al.1[f] introduced a prompt-based feature augmentation method to zero-shot UDA. Gong
et al. [L8] introduced a geodesic ow kernel to model the manifold structure between domains. Later,
Simon et al. [47] designed distillation loss by the geodesic ow path.

Vision-Language and Open-Vocab SegmentatioBy pre-training on a large-scale vision-language
dataset 39, 27], the vision-language models can learn various visual concepts and can further
be transferred to other vision problems througiompting' [ 17, 38, 31, 35, e.g., open-vocab
segmentationd4, 13, 38]. Li et al. [29] rstintroduced the language-driving approach to semantic
segmentation. Rao et al4(] represented a context-aware prompting mechanism for dense prediction
tasks. Ghiasi et al.1[7] proposed an OpenSeg framework that learns the visual-semantic alignments.
Qin et al. B8] presented a uni ed, universal, and open-vocab segmentation network based on
Mask2Former §] with an adaptive prompting mechanism. Xu et a4][proposed a two-stage
open-vocab segmentation framework using the mask proposal generator and the pre-trained CLIP
model. Ding et al. 13] decoupled the zero-shot semantic segmentation to class-agnostic segmentation
and segment-level zero-shot classi cation. Liang et 8l] jmproved the two-stage open-vocab
segmentation model by further ne-tuning CLIP on masked image regions and corresponding
descriptions.

Cross-view Learning The early studies exploited cross-view learning in geo-localization by using

a polar transform across viewdg, 45] or generative networks to cross-view imagd4,[49].
Meanwhile, Zhu et al. 75] exploited the correlation between street- and aerial-view data via self-
attention. In semantic segmentation, Coors et &l] [rst introduced a cross-view adaptation
approach utilizing the depth labels and the cross-view transformation between car and truck views.
However, this change of views id{] is not as big a hurdle as the change of views in our problem,
i.e., car view to drone view. Ren et altd] presented an adaptation approach across viewpoints using
the 3D models of scenes to create pairs of cross-view images. Vidit &7/ampdeled the geometric

shift in cross FoV setting for object detection by learning position-invariant homography transform.
Di Mauro et al. [L2] introduced an adversarial method trained on a multi-view synthetic dataset where
images are captured from different pitch and yaw angles at the same altitudes of the camera positions.
Meanwhile, in our problem, the camera views could be placed at different altitudes (e.g., the car
and the drone), which reveals large structural differences between the images. TruongG64]. |

rst introduced a simple approach to model the relation across views. CRCA(JAjeasures the
cross-view structural changes by measuring the distribution shift and only focuses on the cross-view
adaptation setting in semantic segmentation. However, these mefthéd][lack a theory and a
mechanism for cross-view geometric structural change modeling. To the best of our knowledge, there
are limited studies exploiting cross-view adaptation in semantic segmentation. Therefore, our work
presents a new approach to model the geometric correlation across views.

3 The Proposed EAGLE Approach

In this paper, we consider cross-view adaptation learning as UDA where the images of the source
and target domains are captured from different camera positions (Fig. 2). Formatly, xetbe the
input images in the source and target domginsp: be the the corresponding prompts, andy;
be the segmentation masksxaf, x;. Then, the open-vocab segmentation mddehaps the input
x and the prompp to the corresponding outpyt= F (x;p). It should be noted that in the case
of traditional semantic segmentation, the promptill be ignored, i.e.y = F(x) The cross-view
adaptation learning can be formulated as Eqn. (1).
h i
argmin Exg;pgsysLmask (Ysi¥s) + Exyipe Ladapt (Vi) (1)



where is the parameters @, ¥ is the ground truthl yask is the supervised (open-vocab)
segmentation loss with ground truths, dngiap: is unsupervised adaptation loss from the source

to the target domain. In the open-vocab setting, we adopt the design of Open-Vocab Mask2Former
[8, 3§] to our networkF . Prior UDA methods de ned the adaptation Idsgqyapt Via the adversarial

loss P8, 5], entropy loss 1, 58], or self-supervised los2B, 25]. Although these prior results have
illustrated their effectiveness in UDA, these losses remain limited in cross-view adaptation setup.
Indeed, the adaptation setting in prior studigg L, 23, 15 is typically deployed in the context of
environmental changes (e.g., simulation to r&8| p9, 15|, day to night p5, 15], etc) where the
camera positions between domains remain similar. Meanwhile, in cross-view adaptation, the camera
position of the source and target domain remains largely different (as shown in Fig. 2). This change
in camera positions leads to signi cant differences in the geometric layout and topological structures
between the source and target domains. As a result, direct adoption of prior UDA approaches
to cross-view adaptation would be ineffective due to the lack of cross-view geometric correlation
modeling. To effectively address cross-view adaptation, the adaptatioh Aggs should be able to

model (1)the geometric correlation between two views of source and target domaiirs(2)the
structural changes across domains

3.1 Cross-View Geometric Modeling

To ef ciently address the cross-view adaptation learning task, it is essential to explicitly model
cross-view geometric correlations by analyzing the relation between two camera views. Therefore,
we rst re-reconsider the cross-view geometric correlation. In particular, &k the corresponding
image ofxs captured from the target views and/ ; be the semantic segmentation outputs of source
imagexs and target image;,p ; be the corresponding prompt pf in target view, respectively.
Formally, the images captured from the source and the target views can be modeled as Eqn. (2).

Xs = R(Ks;[Rsits]; ) 5 Xt = R(K¢;[Restidr) 2

whereR is the rendering functior s andK ; are the intrinsic matrice$R s;ts] and[R¢;t] are the
extrinsic matrices, and represents the capturing scene. In addition, as the camera parameters of
both source and target views are represented by matrices, there should exist linear transformations of
camera parameters between two views as follow,

Ke= Tk Ks; [Ruti]= Tre [Rs;ts] (3)
whereT ¢ andT g; are the transformation matrices.

Remark 1: The Geometric Transformation Between Camera Viewsom Eqn.(2) and Eqn(3),
we argue that there should exist a geometric transformdtiohimages between two camera views
asx ¢ = T(Xs; Tk Tre ).

Remark 2: The Equivalent Transformation Between Image and Segmentation OutpstRGB
images and segmentation maps are pixel-wised corresponding, the same geometric transférmation
in the image space can be adopted for segmentation spgceast (Ys; Tk ; Trt)

Remarks 1-2 have depicted that the geometric transformation of both image and segmentation from
the source to the target view can be represented by the shared transformatitinthe camera
transformation matriceSk ; Ty . LetDyx(XsX ) andDy(ysy ) be the metrics the measure the
cross-view structures changed images and segmentation maps from the source to target domains.

We argue that the cross-view geometric correlation in the image spacd,i(&sX ), is the-
oretically proportional to the one in the segmentation space,Dgysy ). Since the camera
transformations between the two views are linear (H@) and the imageg and outputy are
pixel-wised corresponding, we hypothesize that the cross-view geometric correlation in the image
spaceDy (XsX t) and the segmentation spadg(ysy ) can be modeled by a linear relation with
linear scale as follows:

Dx(XsX t) /D y(ysy t),D x(Xsx t)= Dy(ysy t) 4)
3.2 Cross-view Geometric Learning on Unpaired Data

Eqgn. (4) de nes a necessary condition to explicitly model the cross-view geometric correlation.
Therefore, cross-viﬁw adaptation learning in Eqn. (1) can be re-formed as follows: i

=argmin  ExgpoysLmask (YsiPsi¥s)+ Exgipsx p (JIDx(XsX 1) Dy(ysy t)ij (%)
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