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Abstract. Image restoration algorithms such as super resolution (SR)
are indispensable pre-processing modules for object detection in low qual-
ity images. Most of these algorithms assume the degradation is fixed
and known a priori. However, in practical, either the real degradation or
optimal up-sampling ratio rate is unknown or differs from assumption,
leading to a deteriorating performance for both the pre-processing module
and the consequent high-level task such as object detection. Here, we
propose a novel self-supervised framework to detect objects in degraded
low resolution images. We utilizes the downsampling degradation as a
kind of transformation for self-supervised signals to explore the equiv-
ariant representation against various resolutions and other degradation
conditions. The Auto Encoding Resolution in Self-supervision (AERIS)
framework could further take the advantage of advanced SR architec-
tures with an arbitrary resolution restoring decoder to reconstruct the
original correspondence from the degraded input image. Both the rep-
resentation learning and object detection are optimized jointly in an
end-to-end training fashion. The generic AERIS framework could be
implemented on various mainstream object detection architectures with
different backbones. The extensive experiments show that our methods
has achieved superior performance compared with existing methods when
facing variant degradation situations. Code is available at this link.
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1 Introduction

High level vision tasks (i.e. image classification, object detection, and semantic
segmentation) have witnessed great success thanks to the large scale dataset
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Fig. 1: Illustration of scale variance bottleneck. (a): Tiny people are well detected
at high resolution while the large traffic sign is recognized in low resolution. (b):
Detection result on down-sampled MS COCO [35] dataset (down scale rate: 4)
with different noise level. Specifically, we up-scale the images with different ratio
(2, 3, 4) before detection. X-axis is up-scale ratio and Y-axis is mAP result of
CenterNet [64]. We also report the results on small, medium and large objects.

[10,35,14]. Images in these datasets are mainly captured by commercial cameras
with higher resolution and signal-to-noise ratio (SNR). Trained and optimized
on these high-quality images, high-level vision would suffer a performance drop
on low resolution [9,19,53] or low quality images [38,52,45,1,8,41].

To improve the performance of vision algorithms on degraded low resolution
images, Dai et al. [9] presented the first comprehensive study advocating pre-
processing images with super resolution (SR) algorithms. Other high-level tasks
like face recognition [66], face detection [2], image classification [55,38] and
semantic segmentation [53], also benefit from the restoration module to extract
more discriminate features.

Most existing enhancement methods, especially SR algorithms [3,60,59], as-
sume target images are from a known and �xed degradation model [13,36]:

t(x) = (x⊛ k) #s +n; (1)

where t(x) and x denote the degraded low resolution (LR) image and original
high resolution (HR) input respectively. k is the blur kernel while #s is the down-
sampling operation with ratio s. n is the additive noise. However, the performance
of these enhancement algorithms would decline severely when the real degradation
deviates from the assumption [18]. To make it worse, for machine perception
tasks, as shown in Fig 1b, higher resolution does not necessarily guarantee
a better performance in high level tasks. Like object detection, the optimal
SR ratio varies across the images due to the scale variance bottleneck [48,49],
there is a trade off that certain high level predictions are better handled at
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lower resolution and others better processed at higher resolution. As illustrated
in Fig 1a, though working well on individual tiny person at high resolution
(2666,1600), the detection method ignores the large traffic sign. On the contrary,
in low resolution (667,400) images, detecting network’s reception field could
observe more global context for large structure, at the cost of sacrificing the small
objects. Fig 1b also quantitatively demonstrates this bottleneck. The detection
performance does not necessary increases with super resolution ratio, especially
for large objects.

Instead of explicitly enhancing an input image with a fixed restoration module,
we exploit the intrinsic equivariant representation against various resolutions
and degradation. I know who I was when I got up this morning, but I think I
must have been changed several times since then.1. Either being small enough
to squeeze through the door or so big to shed a pool of tears, Alice should
be encoded with a equivariant representation to show who she is in the world.
Based on the encoded representation shown in Fig.2, we propose an end-to-end
framework for object detection in low quality images. To capture the complex
patterns of visual structures, we utilize groups of downsampling degradation
transformations under different downsampling rate, noise and degradation kernel
as the self-supervised signal [63,16].

During the training, we generate a degraded LR image t(x) from the origi-
nal HR image x through a random degradation transformation t. As shown in
Fig.2, to train the Encoder E to learn the degradation equivariant representa-
tion E(t(x)), we introduce an arbitrary-resolution restoration decoder (ARRD)
decoder Dr. ARRD implicitly decodes t to reconstruct the original HR data
x from the representation E(t(x)) of various degraded LR image t(x). If the
self-supervised signal is reconstructed, the representation should capture the
dynamics of how they change under different resolution and other degradation as
much as possible [7,44,63]. The nature of reconstructing HR data also allows us
to leverage the advance of the fast-growing SR research by directly using their
successful architectures.

On the encoded representation E(t(x)), we further impose an object detection
decoder Do to supervise the encoder E to encode the image structure relevant to
the consequent tasks. The object detection decoder Do performs the detection
task to get the object’s location and class. During inference, the target image is
directly passed through the encoder E and object detection decoder Do in Fig.2
for detection. Compared to pre-processing module based methods [46,19], our in-
ference pipeline is more computation efficient as we avoid explicitly reconstructing
the image details.

To cover the diverse degradation and resolutions, in real scenario, we generate
degraded t(x) by randomly sampling a transformations t according to practical
down-sampling degradation model [36,59]. As shown in Fig.2, the transformation
t is characterised by down-sampling ratio s, blur kernel k, and noise level n in
Eq.1.

Our contributions could be summarised as follows:

1 Chapter 5, Alice in Wonderland
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