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ABSTRACT
Accurate and efficient portrait instance segmentation has

become a crucial enabler for many multimedia applications
on mobile devices. We present a novel convolutional neu-
ral network (CNN) architecture to explicitly address the long
standing problems in portrait segmentation, i.e., semantic co-
herence and boundary localization. Specifically, we propose
a cross-granularity categorical attention mechanism leverag-
ing the deep supervisions to close the semantic gap of CNN
feature hierarchy by imposing consistent category-oriented
information across layers. Furthermore, a cross-granularity
boundary enhancement module is proposed to boost the
boundary awareness of deep layers by integrating the shape
context cues from shallow layers of the network. We further
propose a novel and efficient non-parametric affinity model
to achieve efficient instance segmentation on mobile devices.
We present a portrait image dataset with instance level anno-
tations dedicated to evaluating portrait instance segmentation
algorithms. We evaluate our approach on challenging datasets
which obtains state-of-the-art results.

Index Terms— Convolutional Neural Networks, Seman-
tic Segmentation, Instance Segmentation, Portrait Segmenta-
tion

1. INTRODUCTION

The proliferation of digital cameras of mobile devices and the
social trend for casually capturing and sharing media have led
to an explosive need of portrait photo editing and processing.
Portrait segmentation is becoming a crucial enabler to facil-
itate person-centered photo enhancement, rendering, editing
and manipulation. Such applications typically demand very
accurate segmentation since the human visual system has a
strong sensitivity to artefacts caused by mis-segmentations of
portrait images [1]. Yet such mis-segmentations frequently
occur when applying general purpose semantic segmentation
algorithms on portrait images.

Recently, fully convolutional networks (FCNs) [2, 3, 4,
5, 6] based methods have been proposed to address the se-
mantic segmentation problem. For example, DeepLabv3+ [3]
adopts an encoder-decoder architecture with Atrous Spatial
Pyramid Pooling (ASPP) [7] for semantic segmentation. De-
spite of the tremendous progress of the above methods to-
ward semantic segmentation, much remains to be addressed
in order to warrant satisfying region coherence and boundary
accuracy for artefacts-free portrait photo processing purpose.
Moreover, the above networks are trained on general natural
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image datasets rather than specific portrait images. Portrait-
FCN+ [8] is proposed as a dedicated portrait segmentation
model which is a fine-tuned FCN using portrait images. How-
ever, it requires additional prior knowledge of portrait posi-
tion and shape information which is subject to the availability
and effectiveness of face detection results. Furthermore, Por-
traitFCN+ does not explicitly address the fundamental chal-
lenges of portrait segmentation which are deeply rooted in the
inherent design limitation of the network architecture.

Portrait segmentation networks assign per-pixel category
level labels, i.e., person or background. However, for the sce-
narios where there are more than one person in the photo,
state-of-the-art approaches would fail to distinguish individ-
ual instances, due to the inherent limitation of FCNs - trans-
lation invariance. Nonetheless, person-specific editing and
manipulation in multi-person photos remains useful in var-
ious social events [1, 9, 10, 11]. Parametric models for
instance-level segmentation [12, 13, 14, 15, 16] have been
proposed which, however, require large amount of instance-
level ground-truth data for training. Furthermore, embedding
an object proposal network in those architectures typically
leads to poor boundary delineation due to the cascaded pro-
cessings upon downsampled feature maps.

Motivated by the above, we propose a novel approach ad-
dressing the portrait instance segmentation problem with four
main contributions. Firstly, we propose a cross-granularity
categorical attention mechanism to close the semantic gap
between CNN feature hierarchies in order to achieve seman-
tic region coherence. This novel attention mechanism alle-
viates the semantic information loss during the feature trans-
formation process which is common in existing FCN based
approaches. Secondly, we explicitly incorporate a contour
detection functionality in our architecture to extract bound-
ary information and design a boundary enhancement module
to propagate the rich boundary information from early lay-
ers to later layers. Thirdly, we propose a ‘plug-n-play’ non-
parametric affinity model for portrait instance segmentation
which can be easily integrated with any semantic segmenta-
tion framework to achieve instance-level segmentation with-
out any instance level training data. Lastly, we present a por-
trait image dataset with accurate instance level annotations for
evaluating portrait instance segmentation.

2. METHOD

We firstly introduce our novel architecture specialized to
achieve accurate portrait segmentation, followed by a non-
parametric affinity model which facilitates our ultimate goal
of portrait instance segmentation.
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Fig. 1: An overview of our proposed architecture which mainly comprises two parts: an encoder and a decoder. Four layers take
as input of the feature maps from encoder: Mv2, which propagate consistent categorical information and boundary enhancement
across feature hierarchy in opposite directions. The dashed blocks in each layer are associated with the auxiliary loss functions
during training.

2.1. Deep Portrait Segmentation

Our proposed architecture for portrait segmentation mainly
comprises two parts: an encoder and a decoder, as illustrated
in Figure 1. We adopt MobileNetv2 (Mv2) [17] as the en-
coder due to its efficiency and light weight. Mv2 consists
of four layers according to the size of feature maps, namely
Mv2-i (i = 1, 2, 3, 4). At each layer, Mv2-i interfaces with
the proposed decoder by providing the feature map as input
to its corresponding four layers which are denoted as Layer-i
in this work. Layer-i firstly projects the feature to 256 dimen-
sions using either an 1×1 convolutional layer (for Layer-1, -2
and -3) or an ASPP [7] (for Layer-4). Thereafter, the feature
maps are fed into two branches inside each layer, i.e., seman-
tic branch and boundary branch.

2.1.1. Semantic branch

Semantic branch aims to project feature into categorical space
and enhance its level of semantic information by imposing
a consistent semantic flow from deeper layers. On the se-
mantic branch, the feature map passes though a 3×3 convo-
lution operator with N neurons, where N is the categories
number of training dataset, whereby the categorical feature is
guided with category-wise deep supervisions. The supervised
categorical feature is then forwarded to the proposed cross-
granularity categorical attention module (Section 2.1.4) to
be semantically enhanced by fusing with the categorical in-
formation of deeper layers, which is consecutively projected
back to the same dimension space with filters 256.

2.1.2. Boundary branch

Boundary branch embeds a boundary detection functionality
for extracting boundary features which are enhanced by the
rich boundary information propagated from shallow layers.
In the boundary branch, the feature map is projected to 64
dimensions and then 1 dimension gradually with 3×3 convo-
lution layers. Similar to semantic branch, deep supervision is
adopted in the boundary branch to generate the 1-channel fea-
ture map, supervised by the boundary information generated
by running a sober edge operator on segmentation ground-
truth. The learned boundary feature is then passing to the pro-
posed cross-granularity boundary enhancement module (Sec-
tion 2.1.5) though the network from shallow layer to deeper
layer to enhance the boundary awareness, which is consecu-
tively projected back to the same dimension space with filters
64 and 256.

2.1.3. Semantic and boundary fusion unit

The semantic branch output from each Layer-i is fused with
the feature map from corresponding boundary branch in the
proposed semantic and boundary fusion (SBF) module. The
SBF integrates the learned boundary information with the se-
mantic features by passing the boundary feature through a sig-
moid operator, an element-wise multiplication and a summa-
tion with the semantic feature. The fused feature is thereafter
projected to Di which denotes the feature dimension from
Mv2-i. Instead of learning a direct mapping, two residual
connections [18] are incorporated to each Layer-i whereby
256 and Di feature maps are summed respectively to avoid
feature degradation and promote network convergence. The
feature map is then projected to 256 channel for all layers with
3×3 convolution operation as output.
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Fig. 2: The architecture of proposed cross-granularity cate-
gorical attention module.

Layer-2

Layer-2

Layer-1

Layer-1

Layer-3

Layer-3Layer-4

Fig. 3: Intermediate semantic labellings and categorical at-
tentions before (first row) and after (second row) cross-
granularity categorical attention (CGCA). There are consider-
able amount of mis-labelings before CGCA caused by the se-
mantic ambiguities. These ambiguities can be observed from
the color bar indicating the corresponding categorical atten-
tion weight vector below the label map. The color bar shows
weak categorical attentions on categories 0 and 15 (i.e., back-
ground and person respectively in Pascal VOC 2012 dataset)
before CGCA. After CGCA, the semantic ambiguity issue re-
siding in the lower-layer features is largely resolved indicated
by both the corrected mis-labelings and the increased atten-
tions on consistent categories, i.e background and person, il-
lustrated in the color bar.

2.1.4. Cross-granularity categorical attention

In CNNs, deeper layers learn rich semantic information while
shallow layers lack of sufficient semantic knowledge to make
accurate semantic prediction despite of their high spatial res-
olution. Most recent semantic segmentation networks suffer
the challenges of semantic incoherence issue caused by this
semantic inconsistency among feature hierarchies. We pro-
pose a cross-granularity categorical attention (CGCA) mod-
ule to adopt the category-oriented information encoded from
deeper layers to guide the early layers.

The CGCA, as illustrated in Figure 2, encodes the global
categorical attention from the N -channel categorical feature
map of deeper layer by a global average pooling followed by
a sigmoid operator. The CGCA is achieved by multiplying
the global categorical attention informed by later layer, i.e
the weight vector in Figure 3, with the feature map from cur-
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Fig. 4: Boundary prediction before (first row) and after (sec-
ond row) cross-granularity boundary enhancement (CGBE).
CGBE enhances the boundary awareness of the deep-layer
features, especially the boundary attention to Layer-4.

rent layer to adjust channel-wise interpretations. Finally, the
category-enhanced feature is summed with the current feature
map. This attention plays a crucial role in maintaining con-
sistent categorical information across feature hierarchy and
bridging the semantic gaps. Figure 3 shows the intermedi-
ate semantic labellings as well as the categorical attentions
before and after the CGCA module, where we can see that
CGCA significantly resolves the semantic ambiguity issue re-
siding in the lower-level features and makes the features more
attentive on consistent categories 0 and 15 (i.e., background
and person respectively in Pascal VOC 2012 dataset) in this
example.

2.1.5. Cross-granularity boundary enhancement

Boundary information is proven effective for localizing ob-
jects in space and scale which in turn provide better boundary
delineation and shape context cues for semantic segmentation
task against within-class variations. Encoder extracts appear-
ance and contextual information at various hierarchies, with
decreasing spatial details and increasing semantic information
from Mv2-1, -2, -3 to Mv2-4. Figure 4 shows the detected
boundaries from Layer-1, -2, -3 to Layer-4 which shows that
the boundary information is mainly preserved in earlier lay-
ers whilst the boundary information detected in later layers
is very weak. Therefore, we propose a simple yet effec-
tive cross-granularity boundary enhancement (CGBE) mod-
ule to enhance the boundary awareness of deeper layers fea-
tures. Specifically, CGBE achieves boundary enhancement
by element-wise summation between the learned boundary
information from early layer and the boundary detection of
current layer. Figure 4 shows the element-wise boundary en-
hancement of four layers respectively, which demonstrates
that the boundary branch from each layer is able to capture
object boundaries despite of its simplicity and the proposed
CGBE module significantly enhances the boundary aware-
ness especially the deeper layers, e.g., Layer-4, despite of its
simplicity.

2.2. Portrait Instance Segmentation

The proposed network architecture assigns per-pixel binary
category labels, i.e., person or background, rather than in-
dividual person instances. Yet, portrait instance segmen-
tation remains useful in personalized editing or manipula-
tion of multi-person photos taken in various social events.
To this end, we introduce an instance segmentation method
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Fig. 5: The proposed method for semantic instance segmen-
tation.
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Fig. 6: The left figure illustrates the portrait segmentation
map and detected person instances associated to bounding
boxes. The middle figure shows the generated seeds for each
person instance (i.e., known identity) and the right figure
shows the overlapping regions which comprise pixels with
unknown identities.

to combine both the instance- and category-level features,
which turns out to be effective and efficient in resolving inter-
instance ambiguities. The proposed method is schematically
illustrated in Figure 5, where the multi-person photo is firstly
processed by a portrait segmentation network, a person detec-
tor and a superpixel generator, producing person/non-person
labels, person bounding boxes and superpixels respectively.
The instance segmentation is sequentially produced by the
proposed non-parametric affinity model.

There are mainly two scenarios in portrait instance seg-
mentation given the spatial layout of people appearing in the
image. We utilize person detector to roughly determine the
spatial location and range of person instances, based on which
two approaches are proposed to tackle these two scenarios re-
spectively.

In the first scenario, the person instances do not overlap
or occlude each other. The occlusion relationships can easily
be determined by examining the detected bounding boxes. If
there is no overlap among the bounding boxes from person
detector, the isolated regions generated by the portrait seg-
mentation network can be used as the final instance segmen-
tation.

The major challenge in instance segmentation is resolv-
ing the occlusion or overlap between people which is not
addressed in portrait segmentation network. It can be gen-
erally associated to the scenario where the detected person
bounding boxes are overlapping. Figure 6 illustrates an ex-
ample of overlapping bounding boxes generated from person
detector. The bounding boxes generated from object detec-
tor identify each object instance with its location and spatial
range, which naturally assigns non-ambiguous instance labels
to non-overlapping regions. The instance labels inside the ar-
eas where multiple bounding boxes overlap remain uncertain.

The instance segmentation task can now be formulated as a
problem to assign the generated pixels inside the overlapping
regions (Figure 6 right) with labels with respect to the known
identities (i.e., Seeds in Figure 6 middle).

In order to categorize the uncertain pixels into the existing
corresponding identities, we propose a novel method to com-
pute affinities of uncertain pixels with respect to all identities.
We correlate the affinity field with the distance in both of ap-
pearance and spatial location of each pixel w.r.t. each known
identity, which can be characterized as the geodesic distance
from the known identities to classify the pixels in the overlap-
ping regions. The geodesic distance is the smallest integral
of a weight function over all possible paths from the seeds
area to each uncertain pixel. To enable efficient computation
and improve the robustness against local noise, we utilize su-
perpixels rather than pixels. The geodesic distance between
two superpixels on spatial-aware feature maps is formulated
in Equation 1, where sa = I(xa, ya) and sb = I(xb, yb) are
connective superpixels along the path Ss1s2 on feature map
I which is the normalized histogram of each superpixel, and
the weights Wsasb = 1

2

∑ (sa−sb)
2

sa+sb
are defined as χ2 dis-

tance between the histogram of neighbor superpixels. After-
wards, we obtain the smallest summation of a weight func-
tion over all possible paths between superpixel s1 and s2.
The affinity values can be defined disproportionally to the
computed weighted distance, i.e., smaller distance indicates
higher affinity between two superpixels.

d(s1, s2) = min
Ss1s2

∑
sasb

Wsasb sa, sb ∈ Ss1s2 (1)

Therefore, the affinities between pixels in overlapping re-
gion and all the seeds are calculated and each pixel with un-
known identity is consequently assigned with the instance la-
bel with which it has the highest affinity.

3. EXPERIMENTS

We evaluate the performance of our proposed portrait seg-
mentation architecture and non-parametric affinity instance
segmentation algorithm on three datasets. The performance
of portrait segmentation is measured in terms of pixel mean
Intersection-over-Union (mIoU) while portrait instance seg-
mentation is measured with Average Precision (AP).

3.1. Datasets

PASCAL VOC 2012: The PASCAL VOC 2012 [19] dataset
consists of 20 foreground object classes and one background
class. The original dataset includes 1,464 (train), 1,449 (val)
and 1,456 (test) images with pixel-level annotations. The
dataset is augmented by [20], contributing 10,582 (trainaug)
training images.
Portrait: The portrait dataset [8] consists of 1800 (1500 for
training and 300 for validation) images with resolution 800×
600.
Our dataset: In order to evaluate portrait instance segmen-
tation, we present a new dataset containing 50 multi-person
portrait style images with instance level annotations. Those
images are mostly captured with mobile front cameras with
large variations in poses, scenes, scales, people count and



Method mIoU (%)
DeepLabv3-Mv2 [7] 75.32
Our method 76.80

Table 1: Performance on PASCAL VOC 2012 val set.

occlusion relationships which pose challenges for evaluating
the generalization and robustness of our proposed portrait in-
stance segmentation approach.

3.2. Results

3.2.1. Deep Portrait segmentation

We train the proposed portrait segmentation architecture
on PASCAL VOC 2012 dataset and the augmented dataset
provided by [20]. Our architecture achieves performance
of 76.80% on PASCAL VOC 2012 val set which outper-
forms the state-of-the-art MobileNetv2 based architecture
DeepLabV3-Mv2 [21] with a considerable margin of 1.48%,
as reported in Table 1.

The portrait dataset [8] consists of 1800 images with 1500
for training and 300 for validation. However, the train and
val lists used by [8] for training and evaluating PortraitFCN+
are not publicly available. In addition, due to online data
missing there are only 1695 valid images retrieved from the
portrait dataset. Therefore we randomly split them into a
1500 image train dataset and 195 image val dataset to re-
tain the same volume of training images. We firstly eval-
uate the person class predictions with our proposed model
which is pre-trained on PASCAL VOC 2012 dataset (with-
out fine-tuning on portrait dataset) on portrait val set. As re-
ported in Table 2, our method on person class reaches per-
formance of 92.50%. It gains huge improvement of 19.41%
compared to FCN (person class) 73.09%. We further fine-
tune our network on the portrait train set without any addi-
tional data and post processing. The same data augmenta-
tions as in [8], i.e., scales with {0.6, 0.8, 1.0, 1.2, 1.5}, ran-
som rotations in {−45,−22, 0, 22, 45} and 5 gamma values
in {0.5, 0.8, 1.0, 1.2, 1.5}, are applied during training. Our
method achieves performance of 95.37% on the val set, and
attains improvement of 1.17% compared with PortraitFCN.
Note, our architecture achieves comparable results with Por-
traitFCN+ which is not end-to-end trainable and will totally
fail when human face is not detected as it relies on prior
knowledge of person provided by face detection. These lim-
itations make PortraitFCN+ impractical for mobile applica-
tions where the computational resources are constrained and
face detection frequently misses out people in natural photos.
Some portrait segmentation results are visualized in Figure 7.

The inference time of our architecture on a 800×600 por-
trait image is∼ 42 milliseconds on a commodity PC with one
Nvidia 1080Ti GPU. The corresponding portrait segmenta-
tion mobile application is developed on Nokia 8 (Snapdragon
835, Adreno 540 GPU). The inference time on a 225 × 225
image is ∼ 1.67 second.

3.2.2. Portrait Instance segmentation

We report the APr at different IoU thresholds r and the AP
(average from AP50 to AP95) of our proposed non-parametric
affinity modeling for portrait instance segmentation on our

Method mIoU (%)
FCN (Person Class) [8] 73.09
PortraitFCN [8] 94.20
PortraitFCN+ [8] 95.91
Our method (Person Class) 92.50
Our method with Portrait 95.37

Table 2: Quantitative Comparison results of different seman-
tic segmentation methods on portrait [8] val set.

Fig. 7: Visualization examples of portrait segmentation

(a) Image (b) MR-CNN (c) FCIS (d) Ours

Fig. 8: Comparison of portrait instance segmentations.

new dataset. Our proposed approach outperforms the state-
of-the-art methods MR-CNN [22] and FCIS [23] by signifi-
cant margins, particularly at high IoU thresholds, as listed in
Table 3. Some visual comparisons with MR-CNN and FCIS
are shown in Figure 8 which confirm the superior boundary
snapping and instance-awareness of our results. On the con-
trary, MR-CNN produces poor boundaries on all evaluated
images; FCIS sporadically misses person instances (2nd row)
and is prone to producing unnatural straight-line-like bound-
aries. More comparisons are provided in the supplementary
material.

4. CONCLUSION

We proposed a novel end-to-end portrait segmentation archi-
tecture with unique cross-granularity categorical attention and
boundary enhancement mechanisms in a unified framework.
It tackles the problems of semantic incoherence and poor
boundary delineation by imposing semantic attention and en-
hancing boundary awareness across multi-granularity feature



Method\APr(%) AP50 AP60 AP70 AP80 AP90 AP
MR-CNN [22] 97.8 97.8 97.8 90.7 34.2 78.2
FCIS [23] 93.0 90.5 90.5 88.7 62.7 78.6
Our method 97.5 96.5 95.4 92.0 67.8 85.1

Table 3: Comparison of AP at various IoU thresholds for por-
trait instance segmentation with MR-CNN and FCIS on our
new dataset.

hierarchy respectively. Moreover, we presented a simple yet
effective non-parametric affinity model for portrait instance
segmentation with enhanced instance-awareness. We have
performed extensive evaluations of our approach and obtained
state-of-the-art performance on challenging datasets, includ-
ing our new multi-person portrait dataset with instance level
annotations.
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