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Abstract

To minimize annotation costs associated with training of
semantic segmentation models, weakly-supervised segmen-
tation approaches have been extensively studied. In this
paper, we propose a novel method: Self-Supervised Differ-
ence Detection (S§SDD) module which evaluates confidence
of each of the pixels of segmentation masks and integrate
highly confident pixels of two candidate masks.

1. Introduction

In this paper, we focus on avoiding performance degra-
dation by CREF. In the proposed method, we estimate confi-
dence maps on segmentation masks before and after apply-
ing CREF, and integrate them into a final mask by selecting
more confident pixels comparing both confident maps. To
estimate confidence maps of segmentation masks, we pro-
pose a Self-Supervised Difference Detection (SSDD) mod-
ule. SSDD contains a Difference Detection network (DD-
net), which estimates differences of the regions Since the
difference of segmentation masks can be obtained automat-
ically without any human supervision, we can train a DD-
net without any additional information. Thus, training of
DD-net can be considered as self-supervised learning.

It is hard to estimate complicate parts even if an input
region mask contains the regions to be estimated, while it
is easy to estimate simple parts. Then we regard an output
of a DD-net as confidence maps of difference between the
masks before or after a refinement process. By using the
confidence maps on mask difference, we pick up the pixels
having higher confidence from both the masks, and generate
re-refined segmentation masks.

In this paper, we demonstrate that the propose SSDD
module can be used in both the seed generation stage and
the training stage of fully-supervised segmentation as a “re-
refinement module”. In the seed generation stage, we refine
the CRF results of PSA [1] by a SSDD module. In the train-
ing stage, we introduce two SSDD modules inside training
loop of a fully-supervised segmentation network. In the ex-
periments, we demonstrate the effectiveness of SSDD mod-
ules in both stages. Especially, SSDD modules boosted the
performance of weakly-supervised semantic segmentation
on the PASCAL VOC 2012 dataset greatly and, achieved
new state-of-the-art.

2. Related Works

Region refinement for WSS results using CRF CRF[11]
can refine the ambiguous outlines using low-level features
such as a color of pixels. Chen et al. [13] and Pathak et
al. [14] adopted CRF as a post-processing method for re-
gion refinement and demonstrated the effectiveness of the
CREF for WSS. Kolesnikov et al. [10] proposed to use CRF
during training of a semantic segmentation model. Ahn
et al. [1] proposed a method to learn pixel-level similarity
from CREF results, and apply random walk based region re-
finement, which achieved the state-of-the-art on the Pascal
VOC 2012 dataset. We focus on preventing a segmentation
mask from being degraded by applying CRF.

Generating pixel-level labels during training of a fully-
supervised semantic segmentation (FSS) model Con-
strained Convolutional Neural Network (CCNN) [14] and
EM-adopt [13] generated pixel-level labels during training
using class labels and outputs of the segmentation model.
Wei et al. [25] proposed an online Prohibitive Segmenta-
tion Learning (PSL). that utilizes classification score and
the output of the segmentation model for generating mask
during training. Huang et al. [7] proposed Deep Seeded Re-
gion Growing (DSRG), which is a method to expand the
seed region during training. The authors prepared pixel-
level seed labels before training that have unlabeled regions
for unconsidered pixels. In this work, we proposed new
constraint for the generating pixel-level labels during train-
ing of a FSS model.

3. Method for “Re-refinement” of Refinement

In this paper, we focus on avoiding performance degra-

dation by refinement methods of segmentation masks such
as CRF. To do that, we propose a Self-Supervised Differ-
ence Detection (SSDD) module. Fig.1 shows the basic idea
of the processing in SSDD.
Difference Detection Network We denote one pair of seg-
mentation masks as (m"*, m*=). Basically, we consider
m"™ is a raw segmentation mask and m** is a processed
mask. We denote their difference regions by a binary mask
MPeereatier The difference regions defined by:
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where u € {1,2,..,n} indicates a location of pixels, and
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Figure 1. Basic idea of “re-refinement” by Self-Supervised Dif-
ference Detection. (a) Segmentation masks before/after applying
CREF. (b) Confidence maps obtained by DD-Net. (c) Re-refined
mask which is integration of both masks based on confidence
maps.
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Figure 2. Self-Supervised Difference Detection (SSDD) module.
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Figure 3. Difference Detection Network (DD-Net).

n is the number of pixels. We use high level features
e(z;0,) and low level features e'(x;6.) x is an input
image and e is an embedding function parameterized by
f.. As shown in Fig.2, the confidence map of the input
mask, d, is generated by a Difference Detection network,
DDnet(e"(x;0.), el (x;0.),1m;04),d € REXW where 1
is a binarized mask with the same number of channels to the
target class number. The architecture of DD-Net is shown
in Fig.3.

Self-Supervised Difference Detection Module In this sec-
tion, we describe the detail of a SSDD module shown in
Fig.2. We suppose that an input mask which is difficult to
predict difference regions is relatively reliable. This insight
is based on an assumption that the overall processed masks,
m™, have enough correct labels against error labels in dif-

ferent regions in the training phase.

We define confidence score w based on the difference
detection results between (d"™ and d**"). We calculate the
confidence score w for each pixel u as follows:

wbcfom’aftu — ( d;\im + bl)(‘f()r(!,zlft(‘r) - ( d;;;fo,-c + bl)(tf«)rt‘,,afﬂ:r) + 67 (2)

after before
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where b is a bias for a pair of masks, b7*" is a bias for a
class (¢, c € C), and C is a set of image-level label. We add
the class bias b™*" for missing classes between m*™** and
m™. In practice, we select missing classes after applying
CRF based on change ratio of pixels. We denote a num-
ber of pixels belonging to class ¢ on m"* as N and a
number of pixels belonging to class ¢ on m*** as N2*". The
change ratio of pixels belonging to class c is calculated by:

520&)10,1\&01‘ — Ngftur/N(P;uforu. (3)

The class bias b. is represented using the change
ratio of pixels o) as follows: if et >
th then beomr=p, else b*"=(), where b, is a bias
for missing classes and we simply set the threshold ¢h to
0.5.

Finally, we obtain the refined mask m™ ™ using the con-
fident score w by:

before 3 before, after
refine __ mu lf (wu ’ > O) (4)
uw miim if (w};ﬁ)re,aﬂer < 0)

For simplicity, we denote this region refinement processing
by mroﬁno:SSDD (e(x’ 08) , ,’,’,Lhcforc7 maﬂ.cr; gd) .

4. Introducing SSDD modules into the process-
ing flow of WSS

Seed mask generation stage with static region refine-
ment Pixel-level Semantic Affinity (PSA) [1] is a method
to propagate label responses to nearby areas which belong
to the same semantic entity. In this section, we refine the
outputs of CRF in PSA by the proposed Self-Supervised
Difference Detection (SSDD) module.

We denote an input image as x and the proba-
bility maps obtained by PSA as p==PSA(x;0p)
and its CRF results as p™. We convert the prob-
ability maps (p™,p™) to segmentation masks by

(m*= arg max p}", m™= arg max p}"° , where
keCvucts keCvuUcCbs

bg indicates a background class. The differ-

ence detection result for target A" is com-

pUted by dmé‘:f(eh (l‘, 660)) el (J}, 960)7 mpsa; adO)a
d=f(e"(2;000), € (7;0c0), M ;040).  From the dif-
ference detection results, we obtain a target refined
mask m>'* by the proposed SSDD module as follows:
m™P=SSDD(e(x; o), m™, m™; O40).

Suppose that o() is sigmoid function and S is a set of
locations. The loss function for a Difference Detection net-
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wort (DD-Net) is given by:

Echangc(d%ay drrt‘()7 Mpsa,mo _ |S| E Mpsa,rrﬂ), dpsa7 u)

ues
+J(Mpsa7crﬂ], dcrf()7 ’LL)),

®)

TJ(M™™ P ) = M™" log o(d") 4+ (1 — MZ"") log(1 — o(d™")),
JMT AT w) = M log o (dy”) 4+ (1 — M) log(1 — o(dy”))
Note that M/P52:<f0 corresponds to M Peferesafter in Eq (1).
The proposed method is not effective in the cases that either
or both of the segmentation masks has no correct labels.
We exclude the bad training samples by simple processing.
and define it by the change ratio of pixels 6. We calcu-
late the change ratio §2*" in the same manner to Eq.(3)
and obtain the de01s1ons Aypeser for the bad trammg sam-

ples by if 8% > 0.5 then A2 ""=1 else y2"""=0. The in-
terpolated loss function [,(h,l“ as follows: if | > 4y >
kecy

0 then L..,=0 else Loupe=Lawm..C isasetof classand CY € C
is a set of category C for image-level label y.

We also train embedding function 6. by training a seg-
mentation network With m>* as follows:

L., = log(h
Z | Spsa Z Z

kecuespfa
keC

f 950)) (6)

psa

where S} is a set of locations that belong to class & on the
mask m**. Final loss function for static region refinement
using difference detection is given by:

Eatatic = Eseg + Zchange (7)

Training stage of a fully-supervised segmentation model
with dynamic region refinement In this work, we pro-
pose a novel approach to constrain interpolation of the seed
labels during training of a segmentation model. The idea
of the constraint is to limit interpolation of seed labels to
only predictable regions of the difference be-tween newly
generated pixel-level labels and seed labels.

In the first step, for an input image x, we obtain outputs
of a segmentation model p*=g(x;6;) and its CRF out-
puts p™*, where g is a function of the segmentation model.

We convert them to segmentation masks (m*= arg max p*,
kecvucby

m™= arg max p;"). Then, we obtain refined pixel-level labels
kecvyucby

m™" by applying the proposed reﬁnement method as fol-
lows: m*“'=SSDD(e(z; 0c1), m™, m*";641). In the second step,
we apply the proposed method to the obtained mask m™"
and seed labels m™. The further refined mask m™* is
obtained by m*'*= SSDD( (25 0c1), M=, m™1": 040). We
generate the mask m™'® in each iteration and train the seg-
mentation model using the generated mask m=,

We train the semantic segmentation model with the gen-

erated mask m*'® by:
S O los(h

Z ‘ Ssxdd2| ketucspin
kec '

L = (2:051)).  (8)

The difference detection network (DD-net) between m**
and m“" is optimized by a below loss:

_ Z (M= @5 )
ER= ®)

+J(Mseg,cx-f17 d(‘rf]’ u)>7

L:dd-crf (ds(‘,g’ d“ﬂ, Mscg,crtl

J(M @ ) = Mo log o (dF) + (1 — M) log(1 — o (d5F)),

JM = @™ u) = M2 log o(d™) + (1 — M) log(1 — o(d:™)).

In the similar manner to Sec.4, in the second stage, we
also exclude bad samples based on the change ratio of pix-
els. We define the interpolated loss function Lo for the
pair of masks (m*s, m*") by applying below processing.
If |37 > 0 then Liw =0 else Lopar = Logar

We explaln about the training of the DD-net for (m

m>), The difference detection between m>'" and m>" is
an easy task because the seed masks m*='" are always con-
stant during training. To avoid the problem, we add a new
segmentation branch to a segmentation network, which is
also trained with the pixel-level seed labels m*='*. We ob-
tain segmentation probability maps from this branch p™ and

convert the map to mask by m™"= arg max p™". We train
keCyuCby
the difference detection network, DD-net, to predict the dif-

ference of the pair of masks (m=*, m*") and (m="", m='").
This replacing of the mask makes it hard to predict the dif-
ference between m>' and m>'" because the situation of
training and inference become different. We denote the loss
function for the difference detection in this case as follows:

_ ssdd0,sub ssdd0
‘ S| E J (MOS0 )

ssddl

ssdd0 ssdd1 ssddo, nddl
Loigseea (™, d™ M

u€esS
ssddl,sub  Jssdd1
+J(M , A ),
(10)
J(M,\wrldu,euh7 (i,wrl(l”7 u) — J\/I ssdd0, sub logg(d HU) (17M;:drll),,\uh) 10g(170_(d~;11h10))
J(]\/Iswldl,w'uh’ dwddll’ 'U.) — M,:;d(“,“‘h loga(d:kﬂ) (1 A sdd1 s I)Iog(l g_(d lll )

The parameter 641/ of the new segmentation branch is
trained by:

‘Cmg_wh QL340 + (1 _ O¢) Esﬁ(ldl ( 1 1)
£ — Z Z log(h x;041))
Z\S ”lkECuES sdd0
kecC
e — Z Z log 13, 991/))

Z\S

kecC

| kECuES sdd2

«v is a hyper parameter of the mixing ratio of £ and L£*'*.
The final loss function of the proposed dynamic region
refinement method is calculated as below:

Edymmic = ‘Cdd—crf + [:rldrseed + Eseg—mnin + Lsegmh- (12)
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Table 1. Results on PASCAL VOC 2012 val set.

2 Y 5 5 - a =)

5 & 7 3 T 2 4 - 3 =z 2 w £z € £ E 8 g £ E

methods ¥ 8 5 £ 8 2 2 8 S S 3 g 8 £ g 2 2 £ 3 £ = E
PSA[I] 88.2 68.2 30.6 8I.1 49.6 61.0 77.8 66.1 75.1 29.0 66.0 402 80.4 62.0 704 73.7 425 70.7 42.6 68.1 51.6| 61.7
SSDD 89.0 62.5 28.9 83.7 529 59.5 77.6 73.7 87.0 34.0 837 47.6 841 77.0 739 69.6 29.8 84.0 432 68.0 53.4| 64.9
Gain +0.8 -5.7 -1.7 +2.6 +3.3 -1.5 -02 +7.6 +11.9 +5.0 +17.7 +74 +3.7 +15.0 +3.5 -4.1 -12.7 +13.3 +0.6 -0.1 +1.8| +3.2

Table 3. Comparison with WSS methods w/ addi-

Table 2. Comparison with WSS tional supervision.

methods w/o additional supervi- Method Val | Test
sion 420 [ 406
Method Val | Test Saliency mask Pl
FCN-MIL [ 2015 257 | 249 - 2 yw ; 493 512
CCNN [14]icev 353 | 35.6 § € Images S s
Saliency mask 55.7 | 56.7

EM-Adapt [ 382 | 39.6 8 ieney mas
Saliency mask 55.0 | 557

DCSM [ 4.1 | 45.1 | y

Hong et al. [5]ev Web videos 58.1 | 58.7

BFBP [ 46.6 | 48.0 - . )
SEC 07 | 517 WebS-i2 [§]c Web images 534 | 553
‘Cm‘_s[, ' 28 | 337 DCSP [ Saliency mask 60.8 | 61.9
l el GAIN [ Saliency mask 553 | 56.8
- SSVG MDC [ Saliency mask 60.4 | 60.8
6; 7 >6?A7 MCOF [ Saliency mask 60.3 | 61.2
o DSRG [ Saliency mask 614 | 63.2
P e - Shen et al Web images 63.0 | 63.9
zggg (SD‘a"f') R 2‘]‘3 6: 5 SeeNet Saliency mask 63.1 | 62.8
SSDD (Dynamic) -2 | 65 AISI [3] Instance saliency mask | 63.6 | 64.5
SSDD (Dynamic) - 649 | 655

5. Experiments

We evaluated the proposed methods using the PASCAL
VOC 2012 data. For calculating the mean IoU on val and
test sets, We used the official evaluation server.

Implementation details Our experiments are heavily based
on previous work [1]. For the generating results of PSA, we
used implementations provided by the authors that are pub-
licly available. We followed the paper [1] and set hyperpa-
rameters that achieved the best performance in their paper.
As segmentation model we used a ResNet-38 model, which
is almost the same to the architecture used in [1] except for
upsampling rate. We explore good hyperparameters in the
proposed method by grid search.

Comparison Table 1 shows the comparison of dynamic re-
gion refinement method with PSA. We denote the dynamic
region refinement as “SSDD” in all the tables. We observe
that the proposed method outperforms PSA with over 3.2
point margin. In Table 1, we show the gains between the
proposed method and PSA for detailed analysis as well.

Table 2 shows the results of the proposed method and re-
cent weakly supervised segmentation methods that use no
additional supervisions on PASCAL VOC 2012 validation
data and PASCAL VOC 2012 test data. We observe that
our method achieves the highest score compared with all
the existing methods, which use the same types of supervi-
sion [14, 13,22, 19, 10,9, 18,4, 1].

Table 3 shows the comparison of the proposed method
with some weakly supervised segmentation methods, which
employ relatively cheap additional information. Though
completely fair comparisons for them are difficult because
of the difference of network model, augmentation tech-
nique, the number of iteration epochs and so on, the
proposed method demonstrates comparable or better per-
formance without any additional information for training.
Fig.4 shows the examples of difference detection results and
Fig.5 shows the examples of semantic segmentation results.

(@) (b (C) (d) (6)

(g)

Figure 4. For each row, from the left, (a) input images, (b) Raw
PSA segmentation masks, (c) Difference detection maps of (b), (d)
CRF masks of (b), (e) Difference detection maps of (d), (f) Refined
segmentation masks by the proposed method and (g) Ground truth

masks. Two bottom rows show failure cases.

PSA

(Re-implementation) SSDD(Static)

(61.4%)

SSDD(Dynamic)

(64.9%) Ground truth

Inputs

Flgure 5. Segmentatlon examples of results on Pascal VOC 2012.

6. Conclusion

In this paper, we proposed a novel method to refine a seg-
mentation mask from a pair of segmentation masks before
and after refinement process such as CRF by the proposed
SSDD module. We demonstrated the proposed method can
be used effectively in two stages: static region refinement in
the seed generation stage, and dynamic region refinement in
the training stage.
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