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Abstract

Although the performance of hand segmentation in ego-
centric videos has been significantly improved by using
CNNs, it still remains a challenging issue to generalize the
trained models to new domains, e.g., unseen environments.
In this work, we solve the hand segmentation generaliza-
tion problem without requiring segmentation labels in the
target domain. To this end, we propose a Bayesian CNN-
based model adaptation framework for hand segmentation,
which introduces and considers two key factors: 1) predic-
tion uncertainty when the model is applied in a new do-
main and 2) common information about hand shapes shared
across domains. Consequently, we propose an iterative self-
training method for hand segmentation in the new domain,
which is guided by the model uncertainty estimated by a
Bayesian CNN. We further use an adversarial component
in our framework to utilize shared information about hand
shapes to constrain the model adaptation process. Exper-
iments on multiple egocentric datasets show that the pro-
posed method significantly improves the generalization per-
formance of hand segmentation.

1. Introduction

The popularity of wearable cameras in recent years is
accompanied by a large amount of first-person view (ego-
centric) videos recording persons’ daily interactions with
their surrounding environments [27, 5, 46]. Since hands are
among the most common objects in a user’s field of view,
hand segmentation is critically important for various objec-
tives of egocentric video analysis [10, 12, 14]. Hand seg-
mentation in egocentric videos is challenging due to rapidly
changing imaging conditions and the lack of body cues [30].
Although recent researches have shown significant perfor-
mance improvement by using various CNN-based models
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Figure 1. [llustration of the proposed model adaptation framework
for hand segmentation in a new domain.

[43], how to generalize such models to new domains, e.g.,
egocentric videos taken in unseen environments, remains a
challenging issue.

This work aims to generalize hand segmentation in ego-
centric videos in an unsupervised manner. The task can be
viewed as unsupervised domain adaptation for hand seg-
mentation and is challenging since the lack of annotated
data in the new domain prohibits conventional approaches
of fine-tuning models. Furthermore, the unique character-
istics of egocentric videos (e.g., rapidly changing illumina-
tion and background, lack of contextual information from
body part) make it difficult to adapt model parameters to the
new domain. As shown in Figure 1, the images in the tar-
get domain have different hand appearance and background
compared with the images in the source domain. Conse-
quently, a hand segmentation model trained in the source
domain would have poor performance by directly applying
to the target domain.

Based on such observation, we identify two major fac-
tors that are important for improving generalization perfor-
mance of hand segmentation. The first factor is model un-
certainty which measures how confident a model is with its
prediction. The model uncertainty provides a good mea-
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surement of the gap between data of the source and target
domains. Commonly speaking, more similar an image (or
image region) is from the training data, more confident a
model becomes with its prediction and vice versa. There-
fore, model uncertainty can be used to guide model adapta-
tion in the target domain. The second factor is hand shape
prior. Although egocentric videos may be captured with
varying illumination and backgrounds leading to large vari-
ation on hand appearance, the shape of a hand tends to be
consistent from the user’s first-person point of view. There-
fore, a common hand shape learned from the training data
is expected to provide good prior information for promoting
the model adaptation in the new domain.

In this paper, we propose a novel model adaptation
framework for generalizing a hand segmentation model
trained with source domain data to an unseen target domain
without additional hand labels. Specifically, we formulate
the CNN-based hand segmentation model in a Bayesian
framework (Bayesian CNN) which is robust to overfitting
and can provide more reliable estimation of model uncer-
tainty than conventional deterministic CNN models. The
core component of the framework is uncertainty-guided
model adaptation which conducts self-training in the target
domain iteratively by constructing reliable pseudo-labels
based on the model uncertainty estimated with the Bayesian
CNN. Furthermore, we compose prior information of hand
shapes for model adaptation by enforcing the shape of a pre-
dicted hand region in the target domain to become similar
to hand shapes in the source domain.

The main contributions of this work include:

e We propose a new Bayesian CNN-based model adap-
tation framework for generalizing hand segmentation
in egocentric videos. To the best of our knowledge,
this is the first effort to generalize hand segmentation
with unsupervised model adaptation.

e We demonstrate the effectiveness of using uncertainty
prior and hand shape prior to assist generalization of a
hand segmentation model for egocentric videos.

e We demonstrate via thorough experiments that the
proposed method improves the generalization perfor-
mance of hand segmentation significantly compared
with state-of-the-art CNN-based methods.

2. Related works
2.1. Hand segmentation in egocentric videos

Detecting or segmenting hands in egocentric videos with
changing illumination and backgrounds is challenging for
traditional color statistics-based methods such as [26], and
many attempts have been made in recent year to overcome
the challenge [39, 16, 30, 31,47, 2,4, 43, 32]. Ren and Gu
[39] posed the task of hand segmentation as a figure-ground
segmentation problem based on the assumption that motion

patterns of hands are different from that of a background.
Li and Kitani [30, 3 1] proposed a scene-adaptive method by
training multiple hand detectors for different groups of im-
ages and choosing suitable hand detectors for different test
images. Bambach et al. [2] proposed a two-stage hand seg-
mentation method by first detecting hand bounding boxes
with a convolutional neural network and then segmenting a
hand region through Grabcut [40] in each detected bound-
ing box. Recently, Urooj and Borji [43] used fully con-
volutional networks (RefineNet-ResNet101 [35] originally
proposed for semantic segmentation) for hand segmenta-
tion and achieved state-of-the-art performance. However,
existing methods have poor performance when applied to
unseen datasets that are quite different from the dataset on
which they are trained.

2.2. Unsupervised domain adaptation

Unsupervised domain adaptation [15] is a well studied
topic which aims to reduce the domain gap for visual tasks
and has attracted much research attention for semantic seg-
mentation. Traditional approaches of unsupervised domain
adaption try to learn feature representations that can min-
imize the discrepancy between source and target domains
[19, 36]. Recently, the idea of adversarial learning was
employed to learn general feature representations between
source and target domains through an adversarial objective
[24, 8, 25, 41, 44, 34]. In [23], a two-stage approach was
proposed for domain adaptation which consists of an image-
to-image translation network and a segmentation adaptation
network. Li et al. extended the approach further with a bi-
directional learning between the two stages [34].

Another line of work for unsupervised domain adapta-
tion is based on the idea of self-training where predictions
from a previously trained model are exploited as pseudo-
labels for training a model of focus [49, 48]. In [49], a self-
training based approach is proposed for adapting semantic
segmentation models to new domains with class balancing
and spatial prior. In this work, we adopt the idea of self-
training and propose an uncertain-guided model adaptation
framework based on a Bayesian CNN. Besides, we incor-
porate the hand shape prior for hand segmentation and for-
mulate it in our model adaptation framework.

2.3. Bayesian deep learning

Bayesian inference has a long history in machine learn-
ing [6]. It provides uncertainty estimates with a posterior
distribution. To overcome the difficulty of Bayesian infer-
ence in large models such as neural networks, early works
explored a variety of methods such as Markov Chain Monte
Carlo MCMC) [37] and variational inference [22, 3]. Many
other works have also been proposed to enable scalable vari-
ational inference in large Bayesian deep learning problems
[18, 21, 29, 1]. Recently, approaches have been seen to ex-
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(a) (b) () (d)
Figure 2. Comparison of different uncertainty maps: (a) input im-
age (b) prediction probability (softmax output) from a standard
CNN and ground-truth hand region (in red boundary) (c) uncer-
tainty map obtained based on softmax output (d) uncertainty map
obtained with a Bayesian CNN. The darker means less certain.

ploit uncertainty estimated from Bayesian deep learning for
unsupervised domain adaptation [20, 45]. In [45], Bayesian
uncertainty is matched to approximately reduce the domain-
shift of a classifier.

In this work, we utilize Bayesian uncertainty to guide
the adaptation of a pre-trained hand segmentation model to
unseen environments.

3. Model uncertainty in hand segmentation

Before explaining the proposed method of uncertainty-
guided model adaptation in Section 4, we briefly describe
model uncertainty in hand segmentation.

3.1. Model uncertainty

Model uncertainty measures the confidence of a model
with its prediction and is indispensable for many practical
deep learning applications [42]. For example, if a model re-
turns a classification result with high uncertainty, we might
better be careful when using the result. In this work, we
rely on model uncertainty to guide the adaptation of a pre-
trained hand segmentation model to new domains. Briefly
speaking, if a model is confident with its predictions from a
part of the data in the target domain, such predictions then
can be used as pseudo-labels for adapting model parameters
to the target domain. The details of uncertain-guided model
adaptation is described in Section 4. Here we first describe
how to estimate model uncertainty for hand segmentation.

Standard CNN models do not capture model uncertainty.
Alternatively, a prediction probability, e.g., softmax output
of the last layer of the model in the case of classification, is
often erroneously used to interpret model uncertainty. In-
deed, it is known that a model might be uncertain with its
prediction even with a high prediction probability [17]. A
Bayesian CNN provides a probabilistic interpretation of a
CNN model by considering a distribution over model pa-
rameters and therefore provides a more reliable way of es-
timating model uncertainty. As shown in Figure 2, the un-
certainty map obtained through a prediction probability is
over-confident with the region of the right hand as we can
see the region having very low values in the map. On the
contrary, the uncertainty map obtained through a Bayesian

CNN correctly identifies the region of the right hand be-
ing uncertain. In this work, we propose to use a Bayesian
CNN for estimating model uncertainty for hand segmenta-
tion, and the details of uncertainty estimation are given in
the following section.

3.2. Uncertainty estimates with Bayesian CNN

In a Bayesian CNN, model parameters are considered as
random variables. Given training data D = {X’, Y} with
inputs & and corresponding outputs ), the posterior distri-
bution of the model parameters w is defined by invoking the
Bayes’ theorem:

PV, w)p(w)
p(Y|X)

Computing the posterior distribution p(w|D) is often in-
tractable, and approximate inference is needed. As an ac-
tive area of research in Bayesian deep learning, variational
inference [7] approximates the complex posterior distribu-
tion p(w|D) with an approximating variational distribution
¢(w) by minimizing the Kullback-Leibler (KL) divergence
between the two distributions. During the testing phase, the
predictive distribution of output y given a new input x could
be obtained through multiple stochastic forward passes with
network parameters sampled from g(w):

p(w|D) = (1)

p(ylz) = / p(ylz, w)g(w) duw
|z 2)

~ TZP(M%U%% w; ~ q(w)
i=1

where T is the number of stochastic forward passes, w; de-
notes one realization of model parameters sampled from
g(w). In practice, we follow the Bayesian approximation
method in [ 18] which approximates the sampling of model
parameters with dropout that has been widely used as a reg-
ularization tool in deep learning. Such approximation has
the benefit that existing CNN models trained with dropout
can be cast as Bayesian models without changing the origi-
nal models.

Here we describe how to perform Bayesian inference and
estimate model uncertainty for hand segmentation. Suppose
we have trained a hand segmentation model H (I, w) which
outputs a hand probability (softmax output) map P given an
input image I. The mean probability map P and uncertainty
map U are computed as:

T
_ 1
P= T ZH(I,wi), w; ~ dropout(w)
3
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Figure 3. Overview of the proposed uncertainty-guided model adaptation.

where P; = H(I,w;) denotes a hand probability map ob-
tained after one stochastic forward pass, and the square op-
erators in Equation 3 are element-wise. It is noted that P
and U have the same spatial size with the input image, and
the estimation of U essentially equals calculating the vari-
ance of a hand probability at each pixel. By thresholding P,
we obtain a predicted hand segmentation mask M.

4. Proposed method
4.1. Task definition

Suppose we have a baseline hand segmentation model
H(I,0,) with parameters 0 learned by using training data
from the source domain Dy = {I;,M;}*,, in which I,
denotes a RGB image and M; denotes a binary hand seg-
mentation mask. While the pre-trained baseline model can
perform well as long as test data have a similar distribution
as the training data Dy, it may not generalize to data with
a different distribution. Our task is to adapt the pre-trained
model to a new target domain D, = {I,}}*; without newly
annotated hand segmentation masks.

4.2. Uncertainty-guided model adaptation

We adopt the idea of self-training from semi-supervised
learning [13] for model adaptation. Although no hand seg-
mentation label is given for the target domain, by exploiting
pseudo-labels from confident model predictions, the model
could be updated and adapted to the target domain. As dis-
cussed in Section 3.1, a prediction probability from a de-
terministic CNN model cannot provide reliable uncertainty
estimates. Different from previous approaches which con-
struct pseudo-labels based on such prediction probabilities,
we utilize uncertainty estimated based on Bayesian deep
learning to construct more reliable pseudo-labels.

The model adaptation is formulated as an iterative self-
training procedure in which the hand probability maps and
uncertainty maps obtained from the model at the previous
iteration are used for training current model. The loss func-

tion to learn H (I, 6;) for the target domain is defined as:
Ly = Luseg Pt MY, ut(k_l)) )

where k denotes the iteration index, P, = {P;}!; and
U, = {U;}", denote the mean hand probability maps
and uncertainty maps of the target domain obtained through
Equation 3, M; = {M,}", denotes the predicted hand
segmentation masks that are obtained by thresholding P;
with 0.5. Lyscq denotes the uncertainty-guided hand seg-
mentation loss and is defined as:

o ;M

Luseg(P,M,U) = (1

s - Um M'm 1 Pm
i ) (M, log (

m=1 )

+ (]— - Mm) log(]- - Pm))

where the iteration index and sample index are omitted for
simplicity, and m denotes the pixel index of P, M, U. Itis
noted that, instead of selecting pixels of low uncertainty as
pseudo-labels with a manually specified threshold, we use
uncertainty as a soft weight on the whole predictions. In
other words, pixels with high confidence contribute more
to model adaptation and vice verse. U is normalized to a
range of [0,1] before being used.

The model uncertainty is also used to determine when
the iterative adaptation procedure is terminated to avoid
overfitting. Specifically, we terminate the iteration when the
reduction of the average uncertainty score is smaller than
10%. The overall iterative adaptation procedure is summ-
rized in Algorithm 1.

4.3. Hand shape constraint

To improve generalization performance of hand segmen-
tation, it is also important to explore common information
of human hands shared between the source and target do-
mains. In this work, we propose to exploit hand shapes as
such common information to help promote the adaptation of
hand segmentation models to the target domain. Although
imaging conditions and backgrounds can be very different
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Figure 4. Image samples of six datasets. Large variation on illumination and background could be observed across different datasets.

Algorithm 1: Procedure of model adaptation
Input: D; and H, trained on D
Output: H;
1 Initialize: M(®), Z/{t(o) <+ H,(D,) with Equation 3
2 for k < 1to K do
3 Train Ht(k) with Equation 4 or 8
s | MO y®  qgF(D,) with Equation 3
if (™ — Y| < %Olflt(k_l) then
| Stop iteration

a W

across different egocentric datasets, there is consistency in
the shape of hands from user’s first-person point of view.
Therefore, the information of hand shape learned from the
source domain could be used as useful prior information for
model adaptation in the target domain.

To be more concrete, the hand shape prior is learned by
adding a hand shape discriminator Dy, in the training of
hand segmentation in the source domain, and the loss func-
tion is formulated as:

‘CHS = Lseg(PsaMs) +Ladv(Dhs(Ps)a1) (6)
‘CDhS = Ead'u (Dhs (M5)7 1) + Ead'u (Dhs (Ps); O) (7)

where L., denotes standard hand segmentation loss and
L4, denotes image-level binary cross-entropy loss. After
the above adversarial learning, information of hand shapes
is encoded in Dy and can be used for model adaptation.

During adaptation, the loss function to learn H (I, 6;)
with the obtained prior of hand shapes is modified as:

~(k ~(k—1 k—1
EHt(k) :['useg( t( )7 ME )’ ut( ))
+ Aadvﬁadv (Dhs( 7t(k))7 1)

where the second term with weighting factor \,4, is used
to enforce the shape of a predicted hand segmentation to be
similar to that learned from the source domain.

®)

4.4. Network architecture and training details

Network architecture. We adopt RefineNet [35] as our
baseline hand segmentation network considering the state-
of-the-art performance achieved by it in recent work [43]. Tt

is noted that the segmentation network itself is not our con-
tribution and our proposed model adaptation method could
be applied to any segmentation networks with dropout. To
formulate a Bayesian CNN, we simply train the hand seg-
mentation network in the source domain with one dropout
layer (dropout probability p = 0.5) added after each resid-
ual convolutional unit of RefineNet, and the dropout layers
are also applied during testing. The hand shape discrimina-
tor Dy, has the same architecture as the one used in [38].

Training details. We employ PyTorch for implementa-
tions'. All experiments are run on a single NVIDIA 2080TI
GPU. We use Adam optimizer [28] with learning rate 10~°
to train the hand segmentation network and hand shape dis-
criminator in the source domain for 20 epochs. For iter-
ative uncertainty-guided model adaptation, we use RMS-
Prop with learning rate 10~°, and within each iteration the
network is trained for one epoch with pseudo-labels. To es-
timate model uncertainty with Bayesian CNN, we conduct
T = 10 times of stochastic forward passes. The weighting
factor for adversarial loss is set as Agq, = 0.1.

5. Experiments
5.1. Datasets

EGTEA dataset [33]. The Extended GeorgiaTech Ego-
centric Activity (EGTEA) dataset contains 29 hours of ego-
centric videos with a resolution of 1280 x 960. These videos
record meal preparation tasks performed by 32 subjects in a
naturalistic kitchen environment. Within the dataset, 13847
images are labeled with hand masks. We use this dataset to
train the initial hand segmentation network.

GTEA dataset [16]. This dataset consists of 28 egocen-
tric videos with a resolution of 720 x 405 recording 7 daily
activities performed by 4 subjects. 663 images are anno-
tated with hand masks. We follow the data split as in [43]
that images from subject 1, 3, 4 are used as a training set
and the rest as a test set.

EDSH dataset [30]. This dataset contains 3 egocentric
videos (EDSHI1, EDSH2 and EDSH-Kitchen) with a reso-
lution of 1280 x 720 recorded in both indoor and outdoor

!Code available at https://github.com/cai-mj/UMA.
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