Recurrent U-Net for Resource-Constrained Segmentation

Wei Wand Kaicheng Yu Joachim Hugonot Pascal Fua
Mathieu Salzmann
CVLab, EPFL, 1015 Lausanne
{first.last } @epfl.ch

Abstract 0.94 1 | Bubble size HParam (Milion) step3 ooy
<M e | TS
. 0.92 Ours ‘step 1
State-of-the-art segmentation methods rely on very deeg - 8m step 3 Uonet

networks that are not always easy to train without very large ~ 0.90+ e ep2
training datasets and tend to be relatively slow to run on 5 Rec-Simple step 1

. . O 0.88
standard GPUs. In this paper, we introduce a novel recur- g step3step2 Ao
rent U-Net architecture that preserves the compactness of o0gs{ Rec-Last step 1’ DeepLabv3+
the original U-Net [33], while substantially increasing its step3_ steP2 (o0
performance to the point where it outperforms the state of 084 Rec-Mid ICNet
the art on several benchmarks. We will demonstrate its ef-  o.s2 , , ; —— ; ‘

20 40 60 80 100 140 180

fectiveness for several tasks, including hand segmentation
retina vessel segmentation, and road segmentation. We alst
introduce a large-scale dataset for hand segmentation.

1. Introduction
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While recent semantic segmentation methods achieverFigure 1: Speed vs accuracyEach circle represents the perfor-
impressive resultst] 17, 18, 46, they require very deep  mance of a model in terms frames-per-second and mloU accuracy
networks and their architectures tend to focus on high- on our Keyboard Hand Dataset using a Titan X (Pascal) GPU. The
resolution and large-scale datasets and to rely on pre-trainedadius of each circle denotes the modelsO number of parameters.

backbones. For instance, state-of-the-art models, such a&or our recurrent approach, we plot these numbers after 1, 2, and
Deeplab |, 6], PSPnet {6 and RebneNet[7], use a 3 iterations, and we show the corresponding segmentations in the
o 1 L ’

. . S bottom row. The performance of our approach is plotted in red
r
ResNet101 7] as their backbone. - This resuits in high and the other acronyms are debned in Secti@n ICNet [45] is

GPU memory usage anq mference tlr_ng, and makes therTElightly faster than us but at the cost of a signipcant accuracy drop,
less than ideal for operation in power-limited environments \hereas RepneNet ] and DeepLabf] are both slower and less

where real-time p(.arformance iS. nevertheless required, suchyccurate on this dataset, presumably because there are not enough
as when segmenting hands using the onboard resources afaining samples to learn their many parameters.

an Augmented Reality headset. This has been addressed k\)(/here it outperforms the current state of the art on 5 hand-

archlfce;:turefzs such asdthe ISN? I at the cost of a sub- , Segmentation datasets, one of which is showcased inl Fig.
stantial performance drop. Perhaps even more importantly,, 4 4 retina vessel segmentation one. With only 0.3 million

training very dgep networks .usuaIIy requi_res either maSSiveparameters, our model is much smaller than the ResNet101-
amounts of training data or image statistics close to that Ofbased DeepLabv3+[ and RebneNet1[7], with 40 and
ImageNet [.(], which may not be appropriate in Pelds such 4414 million weights, respectively. This helps explain why

as biomedical image segmentation where the more compacfq ¢4 outperform state-of-the-art networks on speclalized

U-Net architecture remains prevaleft]. tasks: The pre-trained ImageNet features are not neces-
In this paper, we argue that these state-of-the-alrt r'nem'sarily the best and training sets are not quite as large as

ods do not naturally generalize to resource-constrained S't'CityScapes f]. As a result, the large networks tend to over-

uations and introduce a novel recurrent U-Net architectureDt and do not perform as well as compact models trained

that preserves the compactness of the original U-Ng} [ from scratch.

while substantially increasing its performance to the point The standard U-Net takes the image as input, processes

! Equal contributions. it, and directly returns an output. By contrast, our recurrent




to produce the results shown in Fig. Both the date-
set and code are available latps://github.com/
WeiWangTrento/Recurrent-U-Net

Our contribution is therefore an effective recurrent ap-
proach to semantic segmentation that can operate in envi-
ronments where the amount of training data and computa-
tional power are limited. It does not require more memory
than the standard U-Net thanks to parameter sharing and
does not require training datasets as large as other state-of-
the-art networks do. It is practical for real-time application,
reaching 55 frames-per-second (fps) to segn2d® 306
images on an NVIDIA TITAN X with 12G memory. Fur-
thermore, as shown in Fig, we can trade some accuracy
for speed by reducing the number of iterations. Finally,

. : . . while we focus on resource-constrained applications, our

of [21, 24] consists of concatenating the previous segmentation . ..
masks; 1 to the imager, and recurrently feeding this to the net- model can easHy be made Compe_t't'_ve (,)n standard bench'
work. (b) For sequence segmentation, to account for the networkd$narks such as Cityscapes by modifying its backbone archi-
internal state, one can instead combine the CNN with a standardtecture. We will show that replacing the U-Net encoder by a
recurrent unit as in/1]. Here, we build upon the U-Net architec- VGG16 backbone yields performance numbers comparable
ture of [39 (c), and propose to build a recurrent unit over several to the state of the art on this dataset.
of its layers, as shown i(d). This allows us to propagate higher-
level information through the recurrence, and, in conjunction with 2. Related Work

a recurrence on the segmentation mask, outperforms the two sim- _ )
pler recurrent architecturga) and(b). Compact Semantic Segmentation Models. State-of-the-

art semantic segmentation techniquasi/, 18, 46] rely

architecture itera}ively rePnes both the segmentation maskon very deep networks, which makes them ill-suited in
and the networkOs internal state. This mimics human perresource-constrained scenarios, such as real-time applica-
ception as in the inBuential AutoContext pap&f][ When  tions and when there are only limited amounts of training
we observe a scene, our eyes undergo saccadic movementgata. In such cases, more compact networks are preferable.
and we accumulate knowledge about the scene and continSuch networks fall under two main categories.
UOUS'y rebPne our perception [l To this end we retain the The Pprst group features encoder-decoder architec-
overall structure of the U-Net, but build a recurrent unit over tyres [33, 28, 2, 31, 25, 35, 17]. Among those, U-Net{3]
some of its inner layers for internal state update. By contrasthas demonstrated its effectiveness and versatility on many
with the simple CNN+RNN architecture of Fig(b), often  tasks, in particular for biomedical image analysis where it
used for video or volumetric segmentatichi[27, 3], this  remains a favorite. For example, a U-net like architecture
enables the network to keep track of and to iteratively up- was recently used to implement the Rood-pblling networks
date more than jUSt asingle—layer internal state. This givesof [ ] and to segment dense|y interwoven neurons and
us the Belel'lty to choose the portion of the internal state neurites in teravoxel-scale 3D e|ectron_microscopy image
that we exploit for recursion purposes and to explore varia- stacks. This work took advantage of the immense amount
tions of our scheme. of computing power that Google can muster but, even then,

We demonstrate the benebts of our recurrent U-Net onit is unlikely that this could have been accomplished with
several tasks, including hand segmentation, retina vessemuch heavier architectures.
segmentation and road segmentation. Our approach consis- The second type involves multi-branch structur@s, [
tently outperforms earlier and simpler approaches to recur-44, 45] to fuse low-level and high-level features at different
sive segmentatior?’[l, 27, 41]. For retina vessel segmenta- resolutions. These require careful design to balance speed
tion, it also outperforms the state-of-the-art methodi6l[  against performance. By contrast, the U-Net relies on sim-
on the DRIVE €] dataset, and for hand segmentation, the pler skip connections and, thus, does not require a specibc
state-of-the-art RePnetNet-based method!cf fn several  design, which has greatly contributed to its popularity.
modern benchmarksl], 4, 40]. As these publicly avail-
able hand segmentation datasets are relatively small, withRecurrent Networks for Segmentation. The idea of re-
at most 4.8K annotated images, we demonstrate the scaleurrent segmentation predates the deep learning era and was
ability of our approach, along with its applicability in a Prst proposed in AutoContex8], and recurrent random
keyboard typing scenario, by introducing a larger datasetforest [36]. It has inspired many recent approaches, includ-
containing 12.5K annotated images. It is the one we useding several that rely on deep networks. For example, i [

CNN CNN

(@) Rec. CNN no hidden st

(c) U-Net (d) Recurrent U-Net

Figure 2: Recurrent segmentation. (a)The simple strategy
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the segmentation mask produced by a modibed U-Net was Our contributions are to integrate recursions on 1) the
passed back as input to it along with the original image, predicted segmentation maskand 2) multiple internal
which resulted in a progressive rePnement of the segmentastates of the network. The former can be achieved by sim-
tion mask. Fig2(a) illustrates this approach. A similar one ply concatenating, at each recurrent iteratipthe previous
was followed in the earlier work o], where the resolu-  segmentation mask_; to the inputimage, and passing the
tion of the input image patch varied across the iterations of resulting concatenated tensor through the network. For the
the rebPnement process. latter, we propose to replace a subset of the encoding and
Instead of including the entire network in the recursive decoding layers of the U-Net with a recurrent unit. Below,
procedure, a standard recurrent unit can be added at the outwe brst formalize this unit, and then discuss two variants of

put of the segmentation network, as shown in B{l). This its internal mechanism.

was done in §7] to iteratively produce individual segmen- To formalize our recurrent unit, let us consider the pro-
tation masks for scene objects. In principle, such a convo-cess at iterationt of the recurrence. At this point, the
lutional recurrent unitd, 27, 41] could also be applied for  network takes as input an imageconcatenated with the

iterative segmentation of a single object and we will evalu- previously-predicted segmentation masgk;. Let us then
ate this approach in our experiments. We depart from thisdenote bye! the activations of thé” encoding layer, and
strategy by introducing gated recurrent units that encompasgy d! those of the corresponding decoding layer. Our recur-
several U-Net layers. Furthermore, we leverage the previ-rent unit takes as inpw, together with its own previous
ous segmentation results as input, not just the same imagdidden tensoh;_;, and outputs the corresponding activa-

at every iteration. tionsdy, along with the new hidden tensby. Note that, to
Iterative rebPnement has also been used for pose estimamimic the computation of the U-Net, we use multiple en-
tion [30, 42, 22]. The resulting methods all involve consec- coding and decoding layers within the recurrent unit.

utive modules to rePne the predictions with a loss function  In practice, one can choose the specibc Iéwl which
evaluated on the output of each module, which makes themthe recurrent unit kicks in. In Fig3 (b), we illustrate the
similar in spirit to the model depicted by Fig(a). Unlike whole process fot = 3. When! = 0, the entire U-Net

in our approach, these methods do not share the parameteiis included in the recurrent unit, which then takes the con-
across the consecutive modules, thus requiring more parameatenation of the segmentation mask and the image as input.
eters and moving away from our aim to obtain a compact Note that, fod = 4, the recurrent unit still contains several
network. Furthermore, they do not involve RNN-inspired layers because the central portion of the U-Net in B{@)

memory units to track the internal hidden state. corresponds to a convolutionblock In our experiments,
we evaluate two different structures for the recurrent units,
3. Method which we discuss below.

We now introduce our novel recurrent semantic segmen-3.2. Dual-gated Recurrent Unit
tation architecture. To this end, we brst discuss the overall
structure of our framework, and then provide the details of
the recurrent unit it relies on. Finally, we brieRy discuss the
training strategy for our approach.

As a brst recurrent architecture, we draw inspiration
from the Gated Recurrent Unit (GRUJ][ As noted above,
however, our recurrent unit replaces multiple encoding and
decoding layers of the segmentation network. We therefore
3.1. Recurrent U-Net modify the equations accordingly, but preserve the under-
lying motivation of GRUs. Our architecture is shown in
Fig. 3(c).

Specibcally, at iteration given the activations; and the

revious hidden state; ;, we aim to produce a candidate
updatef for the hidden state and combine it with the pre-
vious one according to how reliable the different elements
of this previous hidden state tensor are. To determine this
reliability, we use an update gate debPned by a tensor

We rely on the U-Net architecture off] as backbone
to our approach. As shown in Fi§(a), the U-Net has an
encoder-decoder structure, with skip connections betwee
the corresponding encoding and decoding layers that allow
the network to retain low-level features for the bnal pre-
diction. Our goal being to operate in resource-constrained
environments, we want to keep the model relatively sim-
ple. We therefore rely on a U-Net design where the brst
convolutional unit has 8 feature channels, and, following z=" (fz(ef)) , Q)

el et b werer () denotes an encoderdecoder etk i e
yp g lay ’ same architecture as the portion of the U-Net that we re-

on transposed convolutions to_mcrea_se the mgdeIOs reprep—lace With our recurrent unit.
sentation power compared to bilinear interpolation. We use - . .

o . ) : Similarly, we obtain the candidate update as
group-normalization43] in all convolutional layers since
we usually rely on very small batch sizes. R=tanh(f,(r" €)), (2)
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Figure 3: Recurrent UNet (R-UNet). (a)As illustrated in Fig.2(d), our model incorporates several encoding and decoding layers in a
recurrent unit. The choice of which layers to englobe is debned by the paratnégr=or ¢ = 3, the recurrence occurs after the third
pooling layer in the U-Net encoder. The output of the recurrent unit is then passed through three decoding up-convolution blocks. We
design two different recurrent units, the Dual-gated Recurrent Unit (OBW3nd the Single-gated Recurrent Unit (SRU). They differ

by the fact that the brst one has an additional reset gate acting on its input. See the main text for more detail.

wheref (3 is a network with the same architecturef a6, 3.3. Single-Gated Recurrent Unit
but a separate set of parametérglenotes the element-wise As evidenced by our experiments, the DRU described
product, and is a reset tensor allowing us to mask parts of gpove is effective at iteratively rePning a segmentation.
the input used to computk Itis computed as However, it suffers from the drawback that it incorpo-
r="(f (& 3 rates three encoder-decoder networks, which may become
(f,(e)) 3)

_ . _ memory-intensive depending on the choice! of To de-
wheref,(9 is again a network with the same encoder- crease this cost, we therefore introduce a simplibed recur-

decoder architecture as before. rent unit, which relies on a single gate, thus dubbed Single-
Given these different tensors, the new hidden state isgated Recurrent Unit (SRU).
computed as Specibcally, as illustrated in Fig(d), our SRU has a
hy=z" hy +(1#2)" 8. 4) structure similar to that of the DRU, but without the reset

tensorr. As such, the equations remain mostly the same
Finally, we predict the output of the recurrent unit, which as above, with the exception of the candidate hidden state,
corresponds to the activations of tHé decoding layer as which we now express as

df = f(h), (5) A = tanh(f ,(€))) . (6)

where, as shown in Fig(c), f .(9 is a simple convolutional  This simple modibcation allows us to remove one of the
block. Since it relies on two gatesandz, we dub this re-  encoder-decoder networks from the recurrent unit, which,

current architecture Dual-gated Recurrent Unit (DRU). One as shown by our results, comes at very little loss in segmen-
main difference with GRUs is the fact that we use multi- tation accuracy.

layer enco.der-de.coder networks in the inner pperations in-3.4. Training

stead of simple linear layers. Furthermore, in contrast to )

GRUSs, we do not directly make use of the hidden stiate To train our recurrent U-Net, we use the cross-entropy
in these inner computations. This allows us not to have to!0Ss. More specibcally, we introduce supervision at each
ing layers compared to the original U-Net. Nevertheless, the!0SS as N

hidden state is indirectly employed, since, via the recursion, L = ZWtLt @)

e/ depends oml!_,, which is computed frorh;_;. — ’



Resolution # Images
Dataset Width Height Train Val. Test Total
KBH (Ours) 230 306 2300 2300 7936 12536
EYTH [40] 216 384 774 258 258 1290
HOF [40] 216 384 198 40 62 300
EgoHand{] 720 1280 3600 400 800 4800
GTEA[1]] 405 720 367 92 204 663

Table 1: Hand-segmentation benchmark datasets.

(a) Environment setup (b) Attributes

Parameters  Amount Details Attribute  #1Ds

Figure 4: Keyboard Hand (KBH) dataset. Sample images fea- Desk 3 White, Brown, Black Bracelet 10
turing diverse environmental and lighting conditions, along with  pagk position 3 ) Watch 14
associated ground-truth segmentations. Keyboard 9 ] BFOT"E‘;?;‘('” i
Lighting 8 3 sources on/off Nail-polish 1
Objectsondesk 3 3 different objects Ring(s) 6

whereN represents the number of recursions, set to 3 in
this paper, and ; denotes the cross-entropy loss at iteration
t, which is weighted byv;.

Table 2: Properties of our new KBH dataset.

view and a virtual browser showing the text being typed.

To ensure diversity, we varied the keyboard types, lighting
conditions, desk colors, and objects lying on them, as can
be seen in Figd. We provide additional details in Tabke

W, = #Nﬁt.

8)

The weight, by setting $ 1, increases monotonically with

the iterations. In our experiments, we either#et 1, so
that all iterations have equal importance #or 0.4, thus

We then recorded 161 hand sequences with the deviceOs
camera. We split them as 20/ 20/ 60% for train/ validation/

encoding the intuition that we seek to put more emphasistest to set up a challenging scenario in which the training

on the Pnal prediction. A study of the inRuence#ois

data is not overabundant and to test the scalability and gen-

provided in supplementary material, where we also discusseralizability of the trained models. We guaranteed that the
our training protocol in detail. same person never appears in more than one of these splits
) by using peopleOs IDs during partitioning. In other words,
4. Experiments our splits resulted in three groups of 30, 30, and 101 sep-
We compare the two versions of our Recurrent U-Net arate videos, respectively. We annotated about the same
against the state of the art on several tasks including handlumber of frames in each one of the videos, resulting in
segmentation, retina vessel segmentation and road delin2 total of 12,536 annotated frames.
eation. The hyper-parameters of our models were obtainedRetina Vessels. We used the popular DRIVE datas&f].
by validation, as discussed in the supplementary material.|t contains 40 retina images used for making clinical di-
We further demonstrate that the core idea behind our ideaagnoses' among which 33 do not show any Sign of dia-
also applies to non-resource-constrained scenarios, such asetic retinopathy and 7 show signs of mild early diabetic
Cityscapes, by increasing the size of the U-Net encoder.  retinopathy. The images have been divided into a training

4.1 Datasets. and a test set with 20 images for each set.

Hands. We report the performance of our approach R‘?ads- W? L;lsecli the Masz?clhusettgl Fte):)ads”d atgs:«}l [f
on standard hand-segmentation benchmarks, I is one of the largest publicly available collections o

such a%
GTEA [11], EYTH [4(], EgoHand }], and HOF }(].

aerial road images, containing both urban and rural neigh-
These, however, are relatively small, with at most 4,800 im- borhoods, with many different kinds of roads ranging from
ages in total, as can be seen in Tahldo evaluate our ap-

small paths to highways. The data is split into 1108 training
proach on a larger dataset, we therefore acquired our own:

and 49 test images, one of which is shown in Fig.
Because this work was initially motivated by an augmented Urban landscapes. We employed the recent Cityscapes
virtuality project whose goal is to allow someone to type dataset. Itis a very challenging dataset with high-resolution
on a keyboard while wearing a head-mounted display, we1024 2048 images. It has 5,000 bnely annotated im-
asked 50 people to type on 9 keyboards while wearing anages which are split into training/validation/test sets with
HTC Vive [1]. To make this easier, we created a mixed- 2975/500/1525 images. 30 classes are annotated, and 19 of
reality application to allow the users to see both the camerathem are used in training and testing.



Image U-Net-G Rec-Middle Rec-Last Rec-Simple Ours Ground Truth

Figure 5:Example predictions on hand segmentation dataset®ote that our method yields accurate segmentations in diverse conditions,

such as with hands close to the camera, multiple hands, hands over other skin regions, and low contrast images in our KBH dataset. By
contrast, the baselines all fail in at least one of these scenarios. Interestingly, our method sometimes yields a seemingly a more accurate
segmentation than the ground-truth ones. For example, in our EYTH result at the top, the gap between the thumb and index bnger is
correctly found whereas it is missing from the ground truth. Likewise, for KBH at the bottom, the watch band is correctly identibed as not
being part of the arm even though it is labeled as such in the ground truth.

4.2. Experimental Setup hidden state then is of the same size as the inner fea-
Baselines. We refer to the versions of our approach that ture backbone, that is, 128 in our experimental setup.
rely on the dual gated unit of Sectich2 and the single ¥ Rec-Simple [21]. We perform a recursive rebPnement
gated unit of Sectior.3 asOurs-SRUandOurs-DRU, re- process, that is, we concatenate the segmentation mask
spectively, with, e.g.Qurs-SRY3) denoting the case where with the input image and feed it into the network. Note

I = 3 in Fig. 3. We compare them against the state-of-the- that the original method ofZ[]] relies on a VGG-19

art model for each task, i.eRePneNe}4(] for hand seg- pre-trained on ImageNet[], which is far larger than
mentation, [ 9] for retina vessel segmentation andl] for our U-Net To make the comparison fair, we therefore
road delineation, the genera| purpose DeepLab V%—fﬂﬁe implement this baseline with the same U-Net back-
real-time ICNet {15], and the following baselines. bone as in our approach.

¥ U-Net-B andU-Net-G [37]. We treat our U-Net back-  scaling Up using Pretrained Deep Networks as Encoder
bone by itself as a baselinelU-NetB uses batch-  \while our goal is resource-constrained segmentation, our
normalization andJ-NetG group-normalization. For  method extends to the general setting. In this case, to further
afair comparison, thefpurs-SRUOurs-DRU andthe  poost its performance, we replace the U-Net encoder with a
recurrent baselines introduced below all use the samepretrained VGG-16 backbone. This process is explained in

parameter settings. the supplementary material. We refer to the corresponding
¥ Rec-Last. It has been proposed to add a recurrent unit models as U-Net-VGG16 and DRU-VGG16.

after a convolutional segmentation network to process
sequential data, such as vided/[. The correspond-
ing U-Netbased architecture can be directly applied
to segmentation by inputing the same image at all time 4.3. Comparison to the State of the Art
steps, as shown in Fig(b). The output then evolves
as the hidden state is updated.

¥ Rec-Middle. Similarly, the recurrent unit can replace
the bottleneck between the U-Net encoder and de-
coder, instead of being added at the end of the net-
work. This has been demonstrated to handle volumet-
ric data [}1]. Here we test it for segmentation. The

Metrics. We report the mean intersection over union
(mloU), mean recall (mRec) and mean precision (mPrec).

We now compare the two versions of our approach to
the state of the art and to the baselines introduced above on
the tasks of hand segmentation, retina vessel segmentation
and road delineation. We split the methods into the light
ones and the heavy ones. The light models contain fewer
parameters and are trained from scratch, whereas the heavy
ones use a pretrained deep model as backbone.



Model \ EYTH [40] GTEA[1]] EgoHand ] HOF [40] KBH
\mIOU mRec mPrec mlOU mRec mPrec mlIOU mRec mPrec mlIOU mRec mPrec mlOU mRec mPrec

No pre-train

ICNet [45] 0.731 0.915 0.764 0.898 0.971 0.922 0.8A2925 0.931 0.580 0.801 0.628 0.829 0.925 0.876
U-Net-B [33] 0.803 0.912 0.830 0.950 0.973 0.975 0.815 0.869 0.876 0.69867 0.778 0.870 0.943 0.911
U-Net-G 0.837 0.928 0.883 0.952 0.977 0.980 0.837 0.895 0.899 0.621 0.741 0.712 0.905 0.949 0.948

Rec-Middle P7] | 0.827 0.920 0.877 0.9240.979 0.976 0.828 0.894 0.905 0.654 0.738.796 0.845 0.924 0.898
Rec-Last {1] 0.838 0.920 0.894 0.957 0.975 0.980 0.831 0.906 0.897 0.674 0.807 0.752 0.870 0.930 0.924
Rec-Simple 1] | 0.827 0.918 0.864 0.952 0.975 0.976 0.858 0.909 0.931 0.693 0.833 0.704 0.905 0.951 0.944

Ours at layer {)
Ours-SRU(0) 0.844 0.924 0.890 0.960 0.976 0.981 0.862 0.913 0.9320.712 0.844 0.764 0.930 0.968 0.957
Ours-SRU(3) 0.845 0.931 0.891 0.956 0.9770.982 0.864 0.913 0.933 0.699 0.864 0.773 0.921 0.964 0.951
Ours-DRU(4) 0.849 0.926 0.900 0.958 0.978 0.977 0.873 0.924 0.935 0.709 0.866 0.774 0.935 0.980 0.970

Light

With pretrain
RebneNet{(] 0.688 0.776 0.853 0.821 0.869 0.928 0.814 0.919 0.879 0.766 0.882 0.859 0.865 0.954 0.921
Deeplab V3+{] | 0.757 0.819 0.875 0.907 0.928 0.976 0.870 0.90%958 0.722 0.822 0.816 0.856 0.901 0.935

U-Net-VGG16 | 0.879 0.945 0.921 0.961 0.978 0.981 0.879 0.916 0.951 0.849 0.937 0.893 0.946 0.971 0.972
U-Net-ResNet50 0.893 0.942 0.939 0.959 0.978 0.980 0.900 0.936 0.954 0.867 0.949 0.904 0.948 0.973 0.972

DRU-VGG16 0.897 0.946 0.940 0.964 0.981 0.9820.892 0.925 0.958 0.863 0.948 0.901 0.954 0.973 0.979
DRU-ResNet50 | 0.902 0.947 0.9450.959 0.980 0.978 0.898 0.937 0.952 0.889 0.948 0.930 0.957 0.978.977

Heavy

Table 3:Comparing against the state of the art. According to the mIOUQurs-DRU4) performs best on average, withurs-SRW0) a
close second. Generally speaking all recurrent methods do betteRéfrreNetvhich represents the state of the art, on all datasets except
HOF. We attribute this to HOF being too small for optimal performance without pre-training RetineNetThis is conPrmed by looking

at DRU-VGG16, which yields the overall best results by relying on a pretrained deep backbone.

Hands. As discussed in Sectiof.1, we tested our ap-
proach using 4 publicly available datasets and our own
large-scale one. We compare it against the baselines in Ta-
ble 3 quantitatively and in Fig5 qualitatively.

Overall, among the light models, the recurrent methods
usually outperform the one-shot onég, ICNet [45] and
U-Net Besides, among the recurrent on€sjrs-DRU4)
andOurs-SRY0) clearly dominate witlOurs-DRU4) usu-
ally outperformingOurs-SRU0) by a small margin. Note
that, even thouglOurs-DRU4) as depicted by Fig3(a)
looks superbcially similar tRec-Middle they are quite dif-
ferent becaus®urs-DRUtakes the segmentation mask as
input and relies on our new DRU gate, as discussed at the §
end of SectiorB.1and in Sectior8.2. To conbrm this, we
evaluated a simpliped version©firs-DRU4) in which we
removed the segmentation mask from the input. The vali-
dation mIOU on EYTH decreased from 0.836 to 0.826 but

remained better than that Riec-Middlewhich is 0.814. Figure 6{ Tecurswi re'?t“eTeZ”t-RZtg‘?t" h"’t‘_”d and roag tim?r?e'\sl; t
. segmentation results after 1, 2, and 3 iterations; ground truth. Note
Note thatOurs-DRU4) is better than the heavige- the progressive rebnement and the holes of the vessels, hands and
PneNemodel on 4 out of the 5 datasets, desjptbneNet ;45 heing blled recursively. It is worth pointing out that even the

representing the current state of the art. The exception istiny vessel branches in the retina which are ignored by the human
HOF, and we believe that this can be attributed to HOF annotators could be correctly segmented by our algorithm. Better

being the smallest dataset, with only 198 training images. viewed in color and zoom in.

Under such conditionsRebPneNestrongly benebts from

exploiting a ResNet-101 backbone that was pre-trained onModel Performance, Size and Speed. Table3 shows that
PASCAL person parts/], instead of training from scratch DRU-VGG16 outperform®urs-DRU e.g., by 0.02 mloU

as we do. This intuition is conbrmed by looking at the re- points on KBH. This, however, comes at a cost. To be pre-
sults of our DRU-VGG16 model, which, by using a pre- cise, DRU-VGG16 has 41.38M parameters. This is 100
trained deep backbone, yields the overall best performancetimes larger that®urs-DRU4), which has only 0.36M pa-

Image T= 1



Models \ mlOU mRec mPrec mF1 Models | MIOU mRec mPrec P/R mF1

ICNet [45] 0618 0796 0.690  0.739 ICNet [45] 0.476 0.626 0.500 0.513 0.656
. U-Net-G [ 0.800 0.897 0.868 0.882 _ U-Net-G 39 0.479 0.639 0.502 0.642 0.563
5 Rec-Middle 7] 0.818 0.903 0.886  0.894 <, Rec-Middle P7] | 0.494 0.767 0.518 0.660 0.574
— Rec-Simple }] 0814 0898 0885 0.892 3 Rec-Simplep1] | 0.534 0.802 0.559 0.723 0.659
Rec-Last {/1] 0819 0900 0.890 0.895 Rec-Last 1] 0.526 0.786 0.551 0.730 0.648
Ours-DRU(4) | 0.821 0.902 0.891  0.896 Ours-DRU(4) | 0.560 0.865 0.583 0.757 0.691

S Deeplab V3+{] 0756 0875 0828 0851 > DeeplabV3+{] | 0.529 0.763 0555 0.710 0.643
o g;?'\‘et\'/VGCilﬁ 0-82‘7‘ 0910 0.862 0-882 § U-Net:VGG16 | 0521 0.836 0544 0745 0.659
U-VGG16 0817 0905 0883 089 T DRU-VGG16 | 0571 0.862 0595 0.761 0.704

Table 4:Retina vessel segmentation results. Table 5:Road segmentation results.

rameters. Moreover, DRU-VGG16 runs only at 18 fps, Model mioU | Model mloU
while Ours-DRUA4) reaches 61 fps. This makes DRU- ICNet[45] 0.695 DeepLab V3 f] 0.778
VGG16, and the other heavy models, ill-suited to embedded U-Net-G 0.429 U-Net-G! 2 0.476
systems, such as a VR camera, willers-DRUcan more geR‘G'(-SSt 00-553022 geRCU"(-A*':‘)S;“ 22 8-25%
il xploited in r rce-constrain nvironments. : X :
easily be exploited in resource-constrained environments DRU-VGOL6 0.761

Retina Vessels. We report our results in Tablé. Our
DRU vyields the best mIOU, mPrec and mF1 scores. In
terestingly, on this dataset, it even outperforms the larger
DRU-VGG16 and DeepLab V3+, which performs compar-
atively poorly on this task. This, we believe, is due to the
availability of only limited data, which leads to overbtting
for such a very deep network. Note also that retina im- Urban landscapes. The segmentation results on the
ages signibcantly differ from the ImageNet ones, thus re- Cityscapes validation set are shown in TableNote that
ducing the impact of relying on pretrained backbones. On Ours-DRUis consistently better than U-Net-G and than the
this dataset, [9] constitutes the state of the art, reporting Pest recurrent baselinee., Rec-Last. Furthermore, dou-
an F1 score on the vessel class only of 0.822. According toPling the number of channels of the U-Net backbone in-

this metric,Ours-DRUA4) achieves 0.92, thus signibcantly Creases accuracy, and so does using a pretrained VGG-16 as
outperforming the state of the art. encoder. Ultimately, our DRU-VGG16 model yields com-

parable accuracy with the state-of-the-art DeeplLab V3 one,
Roads. Our results on road segmentation are provided despite its use of a ResNet101 backbone.
in Table 5. We also outperform all the baselines by a
clear margin on this task, with or without ImageNet pre- 5. Conclusion
training. In particular, Ours-DRU(4) yields an mloU 8 per- . )
centage point (pp) higher than U-Net-G, and DRU-VGG16 We have introduced a novel recurrdaM\let.a'rchltecture '
5pp higher than U-Net-VGG16. This veribes that our re- that preserves the cpmpactness of the or|g!nal one,'wh|le
current strategy helps. Furthermore, Ours-DRU(4) also substantially increasing _|ts performance. At its heart is the
achieves a better performance than DeeplLab V3+ and y-fact thgt the recurrent units encompass several encoding and
Net-VGG16. Note that, here, we also report two additional decoding layers of the segmentation network. In the supple-
metrics: Precision-recall breaking point (P/R) and F1-score. Mentary material we demonstrate it running in real-time on
The cutting threshold for all metrics is set to 0.5 except for & Virtual reality device. We also introduced a new hand seg-
P/R. For this experiment, we did not report the results of Mentation dataset that is larger than existing ones.
U-NetB becausdJ)-NetG is consistently better. In future work, we will extend our approach of recur-

Note that a P/R value of 0.778 has been reported on this'e€nt unit to other backbones th&hNetand to multi-scale

dataset inJ1]. However, this required using an additional "€currentarchitectures.
topology-aware loss and d-Net much larger than ours,
that is, based on 3 layers of a VGG19 pre-trained on Ima-Acknowledgements
geNet. Rec-Simple duplicates the approach?af fvithout
the topology-aware loss and with the sabhdetas Ours-
DRU. Their mloU of 0.723, inferior to ours of 0.757, shows
our approach to recursion to be benebcial.

_ Table 6:Cityscapes Validation Set with Resolutioni024! 2048.

! 2 indicates that we doubled the number of channels in the U-Net
backbone. Note that, for our method, we do not use multi-scaling
or horizontal Bips during inference.

This work was supported in part by the Swiss Innova-
tion Agency (Innosuisse) and by the Swiss National Science
Foundation.
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6. Appendix 08507

The supplementary material is organized as follows. We ~ ***] ERT,aSk
Prst explain how we validated the hyper-parameters of our 5 ] DRU oo oo .
model. We then provide some detail on our training pro- 9 °%°] B van -
tocol and compare the performance, speed and model siz¢§ 08301 o2y 0828 :
of our approach and the baselines on the Road dataset. Fi= ©8251 oe2
nally, we present in detail our DRU-VGG16 architecture, 0.820 1
which uses a pre-trained VGG16 as encoder, and discus: 08151
the annotation tool used for our new large scale hand seg- os10 = o " e T

mentation dataset. Fi 7:Validating £. W tth loU on the EYTH val
. . _ Figure 7:Validating ¢. We report the mean loU on the val-
We have also provided a video to show how our algo idation set for different versions of our R-UNet, with either SRU

r_|thm works in the real scenario where th? hanc_i segment_a-or DRU. Note that all variants outperform tRec-Simpleaseline.
tion masks are used to provide a user with a view of their

hands in a VR environment. This video also shows segmen-
tation samples of our method and of the baselines.

6.1. Parameter Validation
As shown in Fig.3 and discussed in Sectidhl, our 08351

recurrent unit can encompass different portions of the U-

Net architecture, corresponding to different values &fo

{0,...,4} in our formalism. Furthermore, we need to ini-

tialize the segmentation mask and the hidden stat®, for

the Prst recursive iteration, and to debPne the pararddter

Eq.8. Because of limited resources, we could not perform a

complete grid search on all these hyper-parameters jointly. ...

We therefore initializeds, and hg with the same value, o1 02 03 04 05 06 07 08 08 1

which could be either all Os or all 1s, and we separated therigure 8: Validating « for DRU(l:a4). We report the mean loU

validation of these values artfrom that of the choice of  on the EYTH validation set for different values af Note that

. We used the validation set of the EYTH hand segmenta- a=0.4 has the best performance.

tion dataset to choose these parameters. We then used the .\ .o1,e of . ForOurs-SRY! = 3 and! = 0 yield resuits

same values in all our experiments. Note that, while our ap- that are within 0.1 mean loU of each other. To favor incor-

proach to.validation would clearly ben_ebt from using more porating a large portion of the U-Net in out recurrent unit,

computational resources, we showed in Seofidithat itis S0 as to give as much Rexibility to the network as possible

sufbcient to outperform the state-of-the-art to rebPne the segmentation, we chobse0 and report the
Choosing#, sg, andhgy. As mentioned above, we takg results ofOurs-SRY0). ForOurs-DRU we obtain virtually
andhg to have the same value of either all Os or all 1s. Fur- the same results fdr % {2,3,4}. Since! = 4 requires
thermore, we restric¢ % {1, 0.4}, with the former giving incorporating fewer encoder-decoder layers in the recurrent
the same weight to all recursive iterations, while the latter unit, and thus duplicating fewer layers, we report the results
puts more emphasis on the later ones. We report the re-of Ours-DRUA4) in our experiments.

sults in Tabler. For both versions of our approach, we used ] ] )
I = 0 for the validation tests. In general, we observe that Choosing the Number of Recursive Iterations. All the

all methods benebt from initializingy/h o to all 1s. In this ~ Previous experiments were performed using= 3 recur-

case,0Ours-SRU Ours-DRU and Rec-Simpleend to per- rent iterations. Fig6 depicts the segmentation results on

form best for# = 0.4. In the all experiments in the main hands, retina vessels and roads after 1, 2, and 3 such itera-

paper, we used the hyper-parameter values that gave the belns- This number can also be varied and we plot in Table

results for each method. the accuracy as a function @f. In practice, the accuracy
typically increases until = 3 and then plateaus.

Mean-lOU

0.83

Choosing!. We then evaluate the inBuence lgfwhich

debnes the portion of thé-Netused for internal state recur- Choosing the value off. In our experiments, we either
rence, as depicted by Fig(a). The respective accuracies of set#=1, so that all iterations have equal importance, or
the Ours-SRUandOurs-DRUversions of our approach for #=[0.1,0.2,...,0.9], thus encoding the intuition that we
different values of % {0,...,4} are given in Fig.7. As seek to put more emphasis on the Pnal prediction. From
in the main paper, we denote IQurs-SRY!) and Ours- Figure8, we can observe th&=0 .4 brings us the best per-
DRU(!) the corresponding variant of our method that uses formance. Thus, we b&=0.4.



Ours-SRU Ours-DRU Rec-Simple Rec-Last Rec-Middle
Param. #:04 #:10 #:04 #1.0 #:04 #10 #:04 #:1.0 #:04 #:1.0

so/h 0:0 0.835 0.832 0.816 0833 0.823 0.823 0.809 0.8274 0.826 0.825
So/ho:1 0.837 0.827 0.836 0.832 0.831 0.825 0.816 0.829 0.823 0.831

Table 7:Validating «, so and ho. We report the mean IoU on the EYTH validation set. In general, the methods benebt from initializing
so and/orhy to all 1s witha=0.4.

[VGG16 [Convi[Conv2i»{Conv3{Conv4{Conva
Model mlOU at Steps ATA

T=1 T=2 T=3 T=4 Im

Ours-SRU(0) 0.816 0.827 0.837 0.826
Ours-DRU(4) 0.830 0.832 0.838 0.838

Table 8:Inf3uence of the number recurrent stepsl” - EYTH. [Conv <] Co'mv ] De'cg ] De"cg le—{Doca ] Devc5

Figure 10: DRU-VGG16. The encoder blocki.e., Convl) con-
Bubble size « #Param (Milion) tains one or several convolutional layers and one pooling layer at
0.56 1 <M Caow | TR step 1 the end, after which the skip connection is introduced. The center

~8M block between the encoder and the decoder is the DRU.
step 3

0.54 1
approaches, we plot the performance after 1, 2, and 3 iter-

tep 3 step 2 Déeplibya i ; i )
L0521 J ::c.Las{"stepl sepe +"~-S~§‘??__2_Recsm"'e ations. The performance of our approach is plotted in red
£ T step 1 and the other acronyms are debned in Secti@n
007 As in Figurel, we can observe that ICNet{] is slightly
oag] FEI e stepl  oner  Unet faster than us but at the cost of a signiPcant accuracy drop,
Rec-Mid whereas DeepLal#] is slower and less accurate.
0481, , I 6.4. Using a Pretrained Model as Encoder
05 L5 25 35 30 70 90 To compete with the state-of-the-art models on
. Frame per second (FPS) Cityscapes, we employed a pretrained model, VGG16)
Figure 9:Model comparison on the Road dataset. " . '
g_ . P as encoder in our DRU model, which we denote as DRU-
6.2. Training Protocol. VGG16. As shown in Figuré0, DRU-VGG16 has a sym-

We use standard stochastic gradient descent with mo-metric structure, where blocks of the VGG16 encoder are
mentum 0.9 as the optimizer. Since different recurrent matched to U-Net decoder ones. At thth recurrence, the
structures behave differently during training, we tune the input to the encoder is the concatenation of imagand
learning rate for each model in the range 1le-3 to 1e-9. Fur'predictionst_l from the previous recurrencs,_; has the
thermore, since the gradients obtained by summing over allggme width and height as but a different number of chan-
pixels can become quite large, we clip the gradients of mag-pe|s. s,_; Os channel number equals the number of classes.
nitudes greater than 10 for all recurrent approaches to pre-to match the input channels, the kernels in the prst convo-
vent gradient explosionif]. For all U-Net-based meth- ytional layer are averaged along the channel dimension and
ods, the parameters are initialized randomly asiif.[For  replicatedN times. In the training stage, the learning rate
all recurrent models, we use the multi-step cross entropyg,_ of the encoder is set to tHg 10 of the one$ of the other
loss of Sectior8.4. We perform data augmentation using non-pretrained layers.¢., the DRU and the decoderTo
random rot.a.tions of 10 degrees and .horizontal Bip_ with & minimize the inRuence ad on the pretrained network in
0.5 probability. All the models were implemented in Py- he prst recurrence, we initialize it as all Os while the hid-
torch [23], except forRebPneNetfor which we used the  den state is initialized as all 1s.

MatConvNet implementation released by its authors. Our 6.5. Annotation Tool for the KBH dataset

code is publicly available alttps://github.com/ In this paper, we also introduced a new large scale hand

\S{}/:r']\évg? gz:eég/u Fif:rl:t”j-nl\tj_eLtJ_glitn Wm’] Iﬁ; ?ﬁ:\rl]e;/—i;se d segmentation dataset, which is larger than all the existing
baselines ' 9 ones. To annotate this new dataset, we developed a tool

, based on OpenCVOs implementation of Grab@dt [In

6.3. 'V'_Ode' Performance, .S'?e' Speed.. _ practice, the annotator provides a few hard labels, in the
In Figure 9, we show a similar comparison of the dif-  form of short segments drawn with the mouse, and an ini-

ferent approaches to that in Figureén the main paper, but 5 segmentation is obtained using the graph-cut algorithm.

for the Road dataset. Each circle denotes a model.Xfhe  The annotator can then iteratively rebne this segmentation

axis represents the speed (frames-per-second) of the modq;y incorporating new hard labels. Figin the main paper

and they-axis the mloU accuracy on the Road dataset uUs- gepjcts the resulting ground-truth segmentations in a few
ing a Titan X (Pascal) GPU. The radius of each circle de- frgmes.

notes the modelsO number of parameters. For all recurrent
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