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ABSTRACT

Many computer vision systems require low-cost segmentation algorithms based
on deep learning, either because of the enormous size of input images or limited
computational budget. Common solutions uniformly downsample the input images
to meet memory constraints, assuming all pixels are equally informative. In this
work, we demonstrate that this assumption can harm the segmentation performance
because the segmentation difficulty varies spatially (see Figure 1 “Uniform”). We
combat this problem by introducing a learnable downsampling module, which can
be optimised together with the given segmentation model in an end-to-end fashion.
We formulate the problem of training such downsampling module as optimisation
of sampling density distributions over the input images given their low-resolution
views. To defend against degenerate solutions (e.g. over-sampling trivial regions like
the backgrounds), we propose a regularisation term that encourages the sampling
locations to concentrate around the object boundaries. We find the downsampling
module learns to sample more densely at difficult locations, thereby improving the
segmentation performance (see Figure 1 "Ours"). Our experiments on benchmarks
of high-resolution street view, aerial and medical images demonstrate substantial
improvements in terms of efficiency-and-accuracy trade-off compared to both
uniform downsampling and two recent advanced downsampling techniques.

I INTRODUCTION

Many computer vision applications such as auto-piloting, geospatial analysis and medical image
processing rely on semantic segmentation of ultra-high resolution images. Exemplary applications
include urban scene analysis with camera array images (> 25000 x 14000 pixels)(Wang et al.,
2020), geospatial analysis with satellite images (> 5000 x 5000 pixels) (Maggiori et al., 2017) and
histopathological analysis with whole slide images (> 10,000 x 10,000 pixels) (Srinidhi et al., 2019).
Computational challenges arise when applying deep learning segmentation techniques on those
ultra-high resolution images.

To speed up the performance, meet memory requirements or reduce data transmission latency, standard
pipelines often employ a preprocessing step that uniformly downsamples both input images and labels,
and train the segmentation model at lower resolutions. However, such uniform downsampling operates
under an unrealistic assumption that all pixels are equally important, which can lead to under-sampling
of salient regions in input images and consequently compromise the segmentation accuracy of trained
models. Marin et al. (2019) recently argued that a better downsampling scheme should sample pixels
more densely near object boundaries, and introduced a strategy that adapts the sampling locations
based on the output of a separate edge-detection model. Such “edge-based” downsampling technique
has achieved the state-of-the-art performance in low-cost segmentation benchmarks. However, this
method is not optimised directly to maximise the downstream segmentation accuracy; importantly,
the pixels near the object boundaries are not necessarily the most informative about their semantic
identities; for instance, textual cues indicating forest or cancer regions are less dependent on tree or
cell boundaries, respectively.

Video demos available at https://1lxasgjc.github.io/learn-downsample.github.io/
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Figure 1: Semantic segmentation with learnable downsampling operation on cancer histology images. Top
row: Our deformation module learns to adapt the sampling locations spatially (blue dots on the images) according
to their utility for the downstream segmentation task and produces a deformed downsampled image (bottom-left
corner), which leads to a more accurate low-resolution segmentation. Middle row: high-resolution segmentation
reversed from low-resolution predictions. Bottom row: Compare to uniform downsampling (referred to as
"Uniform"), our deformed downsampling samples more densely at difficult regions (yellow arrows) and ignore
image contents that are less important (green arrows). We also demonstrate our method on the street and aerial
benchmarks (video and code link).

We begin this work with an experiment to investigate the limitations of the commonly employed
uniform downsampling, and the current state-of-the-art technique, namely the ‘“edge-based”
downsampling (Marin et al., 2019). Motivated by the undesirable properties of these approaches, we
then introduce deformation module, a learnable downsampling operation, which can be optimised
together with the given segmentation model in an end-to-end fashion. Figure 2 provides an overview
of the proposed method. The deformation module downsamples the high-resolution image over a
non-uniform grid and generates a deformed low-resolution image, leading to its name. Moreover,
to defend against degenerate solutions (e.g. over-sampling input images and labels at trivial regions
like the backgrounds), we propose a regularisation term that encourages the sampling locations to
concentrate around the object boundaries. We demonstrate the general utility of our approach on three
datasets from different domains—Cityscapes (Cordts et al., 2016) and DeepGlobe (Demir et al., 2018))
and one medical imaging dataset—where we observe consistent improvements in the segmentation
performance and the efficiency-and-accuracy trade-off.

2 METHODS

In this section, we first formulate the basic components associated with this study in Section 2.1. We
then perform a motivation experiment in Section 2.2 to illustrate the impact of manual tuned objective
of the “edge-based” downsampling approach (Marin et al., 2019), particularly the sampling density
around edge, on segmentation performance and its spatial variation across the image. Motivated by the
finding, we propose the deformation module, the learnable downsampling module for segmentation,
in Section 2.3. To ease the joint optimisation challenge of oversampling at the trivial locations, a
regularisation term is proposed in Section 2.4.

2.1 PROBLEM FORMULATION

Sampling method. Let X € R W € be a high-resolution image of an arbitrary size H,W,C. A
sampler G takes X as input and computes a downsampled image X = G/(X), where X cR" W €,
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Figure 2:Architecture schematic.For each high-resolutionimage2 R" W €, we compute its lower reso-
lution versionX ;2 R"¢ “d € Thedeformation moduleD , parametrised by, takes the low-resolution image

X as input and generates a deformation mapD (X ), whered 2 R"¢ "¢ 1 that predicts the sampling
density at each pixel location. Next, the deformed sampleis constructed by taking botk andd as input and
computes the downsampled imafie Gq(X ;d), whereR 2 R" % € and sampling locations are shown as red
dots masked on the image. The downsampled infaggethen fed into the segmentation network to estimate the
corresponding segmentation probabilites S (X ). During training the labeY is downsampled with the same
deformed samplerto g&t = G4(Y ;d) andf ; gare jointly optimised by minimise the segmentation speci ¢
lossLs(; :X;Y)=Ls(; :B;¥).Atinference time, the low-resolution predicti&n(X ) is non-uniformly
upsampled to the original space through deterministic reverse sa@pt€y and interpolation functior() ).

Consider a relative coordinate systfesuch thatX [u, \] is the pixel value oX whereu, v2 [0;1].
And an absolute coordinate system such thftj] is the pixel value ol at coordinatesij) for
i2f 1;2;::hg, j 2f 1,2;:::wg. Essentially, the sampl& computes a mapping betweeyjYand {, v).
Practically, sample® contains two functionsg®;gg such that:

R, 1= X [0°(1,):g* (i, )12 1)
Segmentation and non-uniform upsamplingln this work we discuss model agnostic downsampling
and upsampling methods, therefore any existing segmentation model can be applied. Here we denote
the segmentation netwosk , parameterised by, that takes as an input a downsampled im#gand
makes a predictioR = S (X) in the low-resolution space. During training labeis downsampled
by the same sampl& to get¥ = G(Y ) to optimise the segmentation netw@k by minimising
the segmentation speci c logs;( B;¥Y ). At testing, the upsampling process consists of a reverse
sampleiG 1() that reverse mapping each pixel at coordinatgyffom the sampled imag@ back
to coordinatesy(, V) in the high-resolution domain. Then an interpolation funct{pnis applied to
calculate the missing pixels to getthe nal predict®r ( G 1(S (R))). The nearest neighbour
interpolation is used a¢) in this work.

Disentangle the intrinsic upsampling error. Attesttime, a typical evaluation of downsampled segmen-
tation withintersection over Unio(l oU ) is performed after non-uniform upsampling, between the nal
predictionP and the labeY . HencdoU (P ;Y ) incorporated both segmentation error and upsampling
error. The upsampling error is caused by distorted downsampling, hence to improve the interpretability
of the jointly learned downsampler, we propose to disentangle the intrinsic upsampling error from the
segmentation error by assuming a perfect segmentation at the downsampled space and calculating the
error introduced after upsampling. In speci ¢ we calculate (Y Yy ), whereY = ( G YG(Y)),

indicting the same non-uniform downsampling and upsampling processes applied to tie.label

2.2 MOTIVATIONAL STUDY: INVESTIGATING THE BARRIER OF THESOTA

The "edge-based" approach (Marin et al., 2019), separately train a non-uniform down-sagmpler
minimizing two competing energy terms: "sampling distance to semantic boundaries” and "sampling
distance to uniform sampling locations”, as the rst and second term in equation 2, bfhe¢lés

the spatial coordinates of the closest pixel on the semantic boundary. A temperaturégersed

to balance the two energies, whose value is empirically recommended to 1 by Marin et al. (2019) and
decided the sampling density around the edge.

A relative instead of absolute coordinate system is selected for sampling be calculated in a continues space.
2The "uniform" approach will have sampler, = fg2(i,j)=(i 1)=(h 1);03(i,j)=(] 1)=(w 1)g.
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Figure 3:0ptimal sampling density varies over locationsWe simulating a set "edge-based" samplers each
at different sampling density around edge, and evaluate class-wise performandelim((‘a)o;Y ) and (b)loU .
Best performed sampling density varies for each class as in (a) and (b). Such variation also been observed visually
in (c), where predictions with various sampling density for two example classes are illustrated. Sampling locations
are masked in red dots and best performed prediction is highlighted. Motivational experiments are performed
on binary segmentation drr10™ subset of Cityscapes (Cordts et al., 2016) (excludes under-represented classes)
with downsampled size @4 128given input 0f1024 2048

X 2 X 2
E(Ge(i,)))=  kGe(i,j) b[i,jlk"+ kGe(i,j) Gel(l,]' )k 2)
y i %=1

The rst part of our work performs an empirical analysis to investigate a key question: "How does
the empirically tuned temperature ternaffect the segmentation performance?". We hence perform
binary segmentation on the Cityscapes dataset (Cordts et al., 2016). We generate a set of simulated
"edge-based" samplers each at different sampling densities around the edge’(aad evaluate

by either directly calculatingpU (Y Y ) given each xed simulated sampler (Figure 3 (a)) or train

a segmentation network with each xed simulated sampler and evaluates its accutaty {yigure 3

(b)). The results show there is no “one-size- ts-all” sampling density con guration that leads to the
best performance for all individual classes, neither for intrinsic upsampling ¢otdg { °y )asin

Figure 3 (a))) nor segmentation errbo{U as in Figure 3 (b)), which is also veri ed visually in Figure 3

(c). These observations imply that the SOTA "edge-based" sampling scheme with a pre-set sampling
density around the edge is sub-optimal, highlighting the potential bene ts of a more intelligent strategy
that can adapt sampling strategy to informative regions according to local patterns.

2.3 DEFORMATION MODULE: LEARN NON-UNIFORM DOWNSAMPLING FOR SEGMENTATION

Motivated by the above ndings, we introduce tbeformation modulea data-driven sampling
method that adapts sampling density at each location according to its importance to the downstream
segmentation task. Figure 2 provides a schematic of the proposed method.

Following earlier de nitions in equation 1, to construct the deformed sanBlgrwe need to
de ne the two sampling functionﬁgg; gig who inputs the downsampled coordinafgg ) in

R and the learned deformation mepto calculate the sampling locatiqu; v) in X, such that

ufi,j]= gg(i,j;d), Vi, j1= gi(i,j;d). The idea is to construct the sampling functions to sarXple
denser at high-importance regions correspond to the salient regions in the deformatibnAnsgive
approach is treatind as a sampling probability distribution and performing the stochastic sampling.
However one has to estimate gradients through the reparameterisation trick and traverse stochastic

3The simulation details of the "edge-based" samplers is described in Appendix A.5.
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sampling over all locations is not computationally ef cient. Inspired by Recasens et al. (2018) we
conS|der the sampling location of each low-resolution pix¢) (s pulled by each surrounding pixel

(| i ) by an attractive force, and the nal sampling coordlnates ,9J €an then be conS|dered asa
weighted average of the coordinates of each surroundmg pl;geb( The weight anf | ) is de ned

to be: 1) proportional to the sampling densnlt@ | ), 2) degrade away from the centre pixigf)

by a factor de ned by a distance kerngli;j );(io;j O)) and 3) only applies within a certain distance.
Practically the distance kernel is a xed Gaussian, with a given standard deviagioth square shape

of size2 +1, and the sampling coordinates gf ( can then be calculated in the convolutional form by
the two deformed sampler functiohgg;g(}g de ned as equation 3. The standard deviatiathecided

the distance the attraction force can act on. While the magnitude of the attraction force is learned
through the deformation map. We perform ablation studies to investigate the impadot®éction A.1.

(i d)= P od (i3 Yk (5] );(i%5i Ni°
d =

.. d(l ,J )k ((|’] ) (l ,J ))J
1. P' j
Oy Od(IO'J O)k ((IYJ )y('O,J 0)) gd(I'J’ d)

o od (0K ()05 O

This formulation holds certain desirable properties that t our goal: 1) it computes sampling locations
proportional to the learned deformation map that indicting varying sampling density at different regions,
the need of which was illustrated in the motivational studies in Section 2.2; 2) the xed Gaussian distance
kernel can naturally t CNN architecture, preserve differentiability and be ef cient to calculate. This
way the sampling density at each location is optimised by segmentation performance rather than sep-
arately trained based on manual designed objective as the "edge-based" approach (Marin et al., 2019)).

2.4 REGULARISATION OF THE JOINFTRAINED SAMPLING

Our method is similar to Recasens et al. (2018), which however is only explored for image classi cation
tasks. Transferring the method proposed in Recasens et al. (2018) to segmentation not only needs
reformulating the problem as described in Section 2.1, optimising the joint system at the pixel level is not

trivial. Given the segmentation loks( ; ;P:¥)= Ls(; ;X:Y)is calculated in the low-resolution
space for minimal computation. The downsampling parameteas be optimised to trivial solutions

which encourage oversampling both inputimagand labely at easy locations like the background to
reduce loss, which contradicts our goal. We experimentally veri ed the naive adaptation of the method
from Recasens et al. (2018) to segmentation (red bars in Figure 4) does not perform satisfactionally. To
discourage the network learning trivial solutions, we propose a regularigatgmlosdy encouraging

the deformation map similar to a simulated target which leads to denser sampling around the object
boundaries, inspired by Marin et al. (2019) that object edge may be informative for segmentation.
Different to the approach of Marin et al. (2019) we don't manually tune optimal target deformation
map but treat it as a regularisation term to carry its main message that edge information is useful, then
let the joint training system adapts optimal sampling location according to the segmentation objective.

In speci ¢, we calculate the target deformation nthp= f eqge(f gaus (Y ir ))4 from the uniformly
downsampled segmentation labg} 2 R"¢ W¢ 1 which is at the same size as the deformation thap
The regularisatioedge losss de ned ad_¢( ;X ;Y )= fmse (d;d;), which calculates the mean
squared error (MSE) between the predicted deformationdmap (X ) and the target deformation
mapd;. To this end, we jointly optimise the parametérs g corresponding to thdeformation
moduleand thesegmentation modutespectively by the single learning objective as equation 4, where
the rsttermis the segmentation speci c loss (e.g. cross entropg weight-decay) and the second
term is theedge lossWe add a weight term for both losses that have comparable magnitudes. We
note differentto in equation 2, can better adapt sampling location to dif cult regions because it
is balancing the edge-loss and segmentation loss (end task loss) in an end-to-end settingswhile
balancing the two manual designed sampling targets in a separately trained downsampling network.
We also evaluate the impact ofn Section A.1.

EC; X:Y)=Ls(5 Pi¥)+ Le( :XisYu) 4)

4 edge (?) is an edge detection lIter by a convolution of a spec8c 3 kernel [[-1, -1, -1], [-1, 8, -1], [-1, -1,
-1]] andf gaus (:) is Gaussian blur with standard deviation1 to encourage sampling close to the edge. To avoid
the edge Iter pickup the image boarder, we padding the border values prior to applying the edge lter.
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3 RELATED WORKS

Convolutions with xed kernel size restricted information sampled (“visible") for the network. Various
multi-scale architectures have shown the importance of sampling multiple-scale information, either
atthe input patches (He et al., 2017; Jin et al., 2020) or feature level (Chen et al., 2014; 2016; Hariharan
etal., 2015), but less ef cient because of multiple re-scaling or inference steps. Dilated convolution
(Yu & Koltun, 2015) shift sampling locations of the convolutional kernel at multiple distances to
collect multiscale information therefore avoided inef cient re-scaling. Such shifting is however limited

to xed geometric structures of the kernel. Deformable convolutional networks (DCNs) (Dai et al.,
2017) learn sampling offsets to augment each sampling location of the convolutional kernel. Although
DCNs share similarities with our approach, they are complementary to ours because we focus on
learning optimal image downsampling as pre-processing so that keeps computation to a minimum
at segmentation and a exible approach can be plug-in to existing segmentation networks.

Learned sampling methods have been developed for image classi cation, arguing better image-level
prediction can be achieved by an improved sampling while keeping computation costs low. Spatial
Transformer Networks (STN) (Jaderberg et al., 2015) introduce a layer that estimates a parametrized
af ne, projective and splines transformation from an input image to recover data distortions and
thereby improve image classi cation accuracy. Recasens et al. (2018) proposed to jointly learn a
saliency-based network and "zoom-in" to salient regions when downsampling an input image for
classi cation. Talebi & Milanfar (2021) jointly optimise pixel value interpolated (i.e. super-resolve)
ateach xed downsampling location for classi cation. However, an end-to-end trained downsampling
network has not been proposed so far for per-pixel segmentation. Joint optimising the downsampling
network for segmentation is more challenging than the per-image classi cation, as we experimentally
veri ed, due to potential oversampling at trivial locations and hence we propose to simulate a sampling
target to regularise the training.

On learning the sampling for image segmentation, post-processing approaches (Kirillov et al., 2020;
Huynh et al., 2021) re ning samplings at multi-stage segmentation outputs are complementary to ours,
but we focus on optimising sampling at inputs so that keeps computation to a minimum. Non-uniform
grid representation modifying the entire input images to alleviate the memory cost, such as meshes
(Gkioxari et al., 2019), signed distance functions (Mescheder et al., 2019), and octrees (Tatarchenko
etal., 2017). However none of those approaches is optimised speci cally for segmentation. Recently
Marin et al. (2019) proposed to separately train an "edge-based"” downsampling network, to
encourage denser sampling around object edges, hence improving segmentation performance at low
computational cost and achieving state-of-the-art. However, the "edge-based" approach is sub-optimal
with sampling density distribution xed to manual designed objective, the distance to edge, rather
than segmentation performance. We verify this point empirically in Section 2.2 and hence propose
our jointly trained downsampling for segmentation.

4 EXPERIMENTS ANDRESULTS

In this section, we evaluate the performance of our deformed downsampling approach on three
datasets from different domains as summarised in Table 1, against three baselines. We evaluate the
segmentation performance withU and verify the quality of the sampler by looking at the intrinsic
upsampling error withoU (YO;Y ). We show guantitative and qualitative results in Section 4.1.

We further compare with reported results from Marin et al. (2019) in Section 4.2 with additionally
experiments performed under the same preprocessing with the square central crop of input images.

Model and training. Thedeformation modulés de ned as a small CNN architecture comprised

of 3 convolution layers. The segmentation network is de ned as a deep CNN architecture, with
HRNetV2-W48 (Sun et al., 2019) used in all datasets, and PSP-net (Zhao et al., 2017) as a sanity check
in the Cityscapes dataset. We employ random initialisation like as in He et al. (2015), the same training
scheme (Adam (Kingma & Ba, 2014), the focal loss (Lin et al., 2017) asdpmentation lossnd

MSE loss for theedge-lossvith full details in Appendix A.7) unless otherwise stated.

BaselinesWe compare two versions of our method either with single segmentation loss ("Ours-Single
loss") or adding thedge-losss equation 4 ("Ours-Joint loss") against three baselines: 1) the "uniform"
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downsampling; 2) the "edge-basedind 3) "interpolation”, the jointly learned method for pixel value
interpolation at xed uniform downsampling locations (Talebi & Milanfar, 2021), as an additional
performance reference in Section 4.2, whose implementation details are given in Section A.2.

Table 1:Dataset summary. More details in Appendix A.6

Dataset Content Resolution (pixels) Number of Classes
Cityscape (Cordts et al., 2016) Urbanscenes 2048 1024 19
DeepGlobe (Demiretal.,2018) Aerialscenes 2448 2448 6
PCa-Histo (local) Histopathological 1968 216 9392 4794 6

4.1 QUANTITATIVE AND QUALITATIVE PERFORMANCE ANALYSIS

We plot mloU and mloU (Y Sy ) in Figure 4 comparing our method against "uniform" and
"edge-based" baselines on all three datasets. Figure 5 further inveitigase the per-class level,
aiming to understand the impact of different object sizes re ected by different class frequencies. We
look at the performance along with a set of different downsampling sizes in Figure 6, which is a key
matrix indicating whether a downsampling strategy can enable a better trade-off between performance
and computational cost.

In Figure 4, “Ours-Single loss”, as a basic version of our proposed method with single segmentation
loss, performs better than the “uniform” baseline on 2/3 tested datasets. Adding the preggséass
"Ours-Joint loss" consistently performs best on all datasets with 3% to 10% higher aloslaute

over the "uniform" baseline. The performance improvement from “Ours-Single loss” to "Ours-Joint
loss" represents the contribution of ta@ge lossvithin the proposed joint training framework. The
variation of improvements over datasets suggests that the informativeness of edge is data-dependent,
hence an end-to-end system is needed to better adapt sampling to content. Besides, the segmentation
error (mloU (Y Y )) does not always agree with the upsampling emoliqU ), indicting a separately

trained sampler with manual designed sampling objective may fail.

Figure 4: ComparingmloU and mloU (Y D; Y ) of our joint trained downsampler, either with single
segmentation loss (“Ours-Single loss”) or additional edge loss ("Ours-Joint loss"), versus two baseline
downsampling methods on three datasets.

Atclass-wise, asin Figure 5, "Ours-Joint loss" performs up to 25% better in abkmlUit@ver baselines.

Results also suggest the joint trained method can further generalise "edge-based" sampling for better
segmentation performance. "Ours-Joint loss" not only improves the performances over all the low-
frequency classes representing small objects, making use of the edge information as the "edge-based"
baseline does, but also further generalise such improvements in the high-frequency classes representing
large objects, where "edge-based" approach has been found dif cult to improve over "uniform".

Good downsampling can enable a better trade-off between performance and computational cost.
In Figure 6, our method shows can consistently save up to 90% of computational cost than the
"uniform” baseline across a set of different downsampling sizes (details are given in Appendix Table
8) over all three datasets. We notioéoU does not increase monotonically on DeepGlobe dataset
(Demir et al., 2018) with increased cost in Figure 6 (b), this indicates high resolution is not always
preferable but a data-dependent optimal tradeoff exists and an end-to-end adjustable downsampler

is needed. TheloU (Y °y ) results show our method can adjust sampling priority depending on the

Note this is an approximation of the method from Marin et al. (2019), which is the best-performed result
from a set segmentation networks each trained with a simulated "edge-based" samplers represents using different
, full details given in Appendix A.5.
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