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Abstract

In this paper, we present an end-to-end domain adapta-
tion technique that utilizes both feature distribution align-
ment and Self-Training effectively for object detection. One
set of methods for domain adaptation relies on feature dis-
tribution alignment and adapts models on an unlabeled tar-
get domain by learning domain invariant representations
through adversarial loss. Although this approach is effec-
tive, it may not be adequate or even have an adverse ef-
fect when domain shifts are large and inconsistent. An-
other set of methods utilizes Self-Training which relies on
pseudo labels to approximate the target domain distribu-
tion directly. However, it can also have a negative im-
pact on the model performance due to erroneous pseudo la-
bels. To overcome these two issues, we propose to generate
reliable pseudo labels through feature distribution align-
ment and data distillation. Further, to minimize the ad-
verse effect of incorrect pseudo labels during Self-Training
we employ interpolation-based consistency regularization
called mixup. While distribution alignment helps in gen-
erating more accurate pseudo labels, mixup regularization
of Self-Training reduces the adverse effect of less accurate
pseudo labels. Both approaches supplement each other and
achieve effective adaptation on the target domain which
we demonstrate through extensive experiments on one-stage
object detector. Experiment results show that our approach
achieves a significant performance improvement on multi-
ple benchmark datasets.

1. Introduction

Object detection is a significant task in computer vision.
With recent advances in deep learning and the availabil-
ity of large-scale datasets, the deep Convolutional Neural

Figure 1. Illustration of the proposed method. Top: Applying
Feature Distribution Alignment to reduce domain shifts and Self-
Training with mixup. Bottom: Applying data distillation to gen-
erate pseudo labels and then using them during Self-Training to
compute detection loss on target domain samples.

Networks (CNNs) based object detectors [17, 8, 21] have
significantly improved the performance of the object de-
tection task on benchmark datasets [6, 16]. However, it is
challenging to directly utilize an object detector trained on
these benchmark datasets (source dataset) in an application
where the dataset (target dataset) has a significant domain
gap. This problem can be addressed with augmenting the
source dataset with annotated target dataset. However, ob-
taining object annotations for each new domain dataset is
time consuming, costly, and requires significant human ef-
forts.

Unsupervised Domain Adaptation (UDA) is an approach
to address the issue of domain shifts between label-rich
source domain dataset and label-scarce target domain. Var-
ious methods for UDA have been proposed, of which most






























