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Abstract Traditional object detection methods suffer from performance degradation when the
training and test data are from different domains, for example, photos from a sunny day and a
cloudy day are two different domains, and an object detection model trained on a sunny day usually
performance not well on a cloudy day. This is caused by the domain shift between two domains.
Collecting data for every single domain is time—consuming and laborious, which will increase the

cost of model deployment and reduce the efficiency of the model being used. Aiming at this
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problem, the domain adaptive object detection method is proposed. Most domain adaptation
methods eliminate domain shifts by finding domain—invariant feature representations in two
domains. Although existing domain adaptation methods have achieved great success, there are
still differences between the domain—invariant features extracted from the source domain and the
target domain, which lead to poor performance when the model uses domain-invariant features
from the target domain. Enlightened by the idea of strengthening the semantic consistency of
features to obtain better domain—invariant features, this paper proposes a Consistency—aware
Domain Adaptive object detection network (ConDA) with orthogonal disentangling and
contrastive learning. Specifically, this paper first proposes an orthogonal relation consistency
constraint based on the orthogonal disentangled features, which can better improve the intra—
domain consistency and the transferability of the model. Orthogonal constraints are applied in the
feature disentangling process to keep domain—invariant and domain—specific features different.
Based on the orthogonal constraints, the relationship consistency loss can be applied by calculating
the instance—-level feature relationship consistency before and after feature disentangling and then
constraining them to be the same. This loss can retain the semantic information during feature
disentangling and strengthen the intra—domain consistency of the feature, thus improving the
transferability of the model. Furthermore, in order to strengthen the inter-domain consistency of
features, this paper proposes a contrastive learning branch with pseudo labels. This paper uses
pseudo label on the detection results of the target domain with high confidence and then aligns
instance—level features from different domains with contrastive learning, which can reduce the
domain shift between same class instance—level features in different domains and align instance-
level domain—invariant features from different domains, and improve the inter-domain
consistency. In addition, this paper also adds a target-domain-like dataset generated by
CycleGAN to the source domain dataset to reduce the domain shift between the source domain and
the target domain, which helps improve the model detection results. To verify the method
proposed in this paper, this paper tests the method on a pair of datasets that use Cityscapes as the
source domain and FoggyCityscapes as the target domain, which is commonly used in this field.
Compared with the baseline method Instance Invariant Domain Adaptive Object Detection
(ITOD) , this method has achieved a mean Accuracy Precision (mAP) improvement of 3. 1%, of
which the improvement on some specific subclasses is up to 6%; Compared with other latest
methods in the field, the mAP is improved by about 1%. This paper also tests the method on two
other pairs of datasets, and the results show that the method can also achieve a good result on

other datasets.
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Object detection is an important task of computer vision,
which plays a critical role in many fields closely related to daily
life. However, the performance of existing object detection
methods will decrease when the training data set is different
from the actual application scenarios. Collecting and annotating
data for each target scenario will greatly increase the cost,
which limits the deployment and application of these methods
in actual application scenarios.

Unsupervised domain adaptation object detection is
developed to solve this problem. Its key is to align the feature
distribution between the two domains so that the model can
extract domain invariant features from the source domain and the
target domain, so as to complete the detection task in the target
domain. Early work used statistical feature alignment, witch
constraint model extracted features with the same statistical
properties from the source domain and the target domain as

domain invariant features. The current method introduces
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adversarial learning by adding a domain classifier and gradient
reverse layer to the network so that the feature extractor can learn
domain invariant features and realize align the feature.

In this paper, we introduced feature disentangling into the
domain adaptive object detection task. By improving the intra—
domain consistency and inter-domain consistency of features, the
discriminability and transferability of the model are improved.
Compared with the baseline method, the mean Accuracy
Precision (mAP) is improved by 3.1%, of which the
improvement on some specific subclasses is up to 6% ; Compared
with the latest method s the mAP is improved by about 1%.
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