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Abstract—1In this paper, we present a novel system for
Human-Robot Interactive Creation of Artworks (HRICA). Differ-
ent from previous robot painters, HRICA allows a human user
and a robot to alternately draw strokes on a canvas, to collabo-
ratively create a portrait drawing through frequent interactions.
The Kkey is to enable the robot to understand human intentions,
during the interactive creation process. We here formulate this
as a mask-free image inpainting problem, and propose a novel
method to estimate the complete version of a portrait drawing,
after the human user has drawn some initial strokes. In this
way, the robot can select some complementary strokes and
draw them on the canvas. To train and evaluate our inpainting
method, we construct a novel large-scale portrait drawing
dataset, CelebLine, which composes of high-quality portrait
line-drawings, with dense labels of both 2D semantic parsing
masks and 3D depth maps. Finally, we develop a human-
robot interactive drawing system with low-cost hardware,
user-friendly interface, and interesting creation experience.
Experiments show that our robot can stably cooperate with
human users to create diverse styles of portrait drawings. In
addition, our portrait drawing inpainting method significantly
outperforms previous advanced methods. The code and dataset
have been released at: https://github.com/fei-aiart/HRICA.

I. INTRODUCTION

Making robots create artworks like human is an interesting
but challenging task. In recent years, inspired by the extraor-
dinary success of deep learning based generative Artificial
Intelligence (AI) [1], [2], there have been great progress
in artistic robots. For now, robots are capable of creating
watercolours [3], oil paintings [4]-[6], and line drawings [7],
[8], conditioned on a photo or language descriptions provided
by a human user, or even automatically [9]. However, during
these collaborations, the human and the robot interact only
once essentially. Specifically, a human first provides some
inputs or requirements. The robot then conditionally generate
an image and draw it on a canvas.
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Fig. 1. The proposed Human-Robot Interactive Creation of Artworks

(HRICA) framework.
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Fig. 2. Appearance and interactive interface of our robot.

In this work, we explore how to enable a robot to collab-
oratively create an artwork with a human, through multiple
alternate interactions. To this end, we propose a novel
Human-Robot Interactive Creation of Artworks (HRICA)
framework (as shown in Fig. 1). At the beginning, a human
first draws some strokes on the canvas and commands the
robot to draw next. The robot then automatically draw
complementary strokes on the canvas. After several rounds
of such interactions, a portrait drawing is collaboratively
created by the human and the robot. Recall that the creation
procedure of colorful paintings, e.g. watercolours and oil-
paintings, is time-consuming and demands fastidious atten-
tion for novices. We instead focus on portrait line-drawings.
It’s possible for the human and the robot co-create a vivid
portrait drawing through only a small amount of interactions.

The key challenge of such a human-robot interactive
creation system, is to enable the robot to understand human
creating intentions. We re-format this challenge as inpaint-
ing an input portrait drawing to a complete version, with
accurate facial geometry. To solve the problem, we pro-
pose a novel Geometry-Aware Portrait Drawing Inpainting
(GAPDI) method. Unlike previous image inpainting methods
[10], [11], we first predict the potential facial semantic
geometry of an input portrait drawing, and then generate
a complete drawing in a coarse-to-fine manner. In addition,
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we constrain the generated drawing to be consistent with
the target one, in terms of both 2D semantic structure and
3D geometry. As a result, the inpainted portrait drawing
is expected to accurately present the geometry of the face
that the human intends to create. Furthermore, the GAPDI
method enables the robot collaborate with the human, with
dynamic planning, during each interaction.

To learn the GAPDI model, we construct a novel large-
scale portrait drawing dataset, by transferring the facial pho-
tos in CelebAMask-HQ [12] to free-hand line-drawings [13]
via AiSketcher [8] and Simplify [14]. In addition, we repre-
sent the 2D and 3D geometry of a portrait drawing, by using
the semantic parsing masks (available in CelebAMask-HQ)
and the depth map (estimated by [15]) of the corresponding
photo, respectively. Our final dataset, named CelebLine,
composes of 30,000 high-quality line-drawings, with dense
labels of semantic parsing masks and depth maps.

Finally, we develop a human-robot interactive drawing
system, with low-cost hardware and user-friendly interactive
interface (Fig. 2). To enrich the fun of the interactive
creation process, we transfer the co-created drawing to a
colourful avatar via a pretrained ControlNet [16]. The avatar
is simultaneously shown beside the portrait drawing on the
interface (Fig. 2b). Our system is easy to use, and a portrait
drawing can be co-created in minutes.

Our main contributions are summarized as follows:

o Framework. We propose a novel HRICA framework
for human-robot interactive creation of artworks, with
alternate and frequent interactions.

« Dataset. We construct a novel CelebLine dataset, which
composes of 30,000 high-quality portrait line-drawings,
with labels of semantic parsing masks and depth maps.
We hope CelebLine will serve as a benchmark for
downsteam visual analysis tasks.

o Method. We propose a novel portrait drawing inpaint-
ing method, GAPDI, to enable the robot to under-
stand human creating intentions. Experiments show that
GAPDI can precisely complete a portrait drawing, and
significantly outperforms existing advanced methods.

o System. We develop a human-robot interactive drawing
system, with low-cost hardware, user-friendly interface,
fluent interactive creation process, and rich fun.

II. RELATED WORKS

Sketching Assistants. Inspired by the great success in
generative Al, there have been diverse creation or sketch-
ing assistants. These methods mainly follow the pipeline
of multimodal image synthesis and editing [1]. Namely,
a human can control the generated image through images
[17]-[20], semantic masks [21], languages [5], [6], [22], etc.
Some specially designed sketching assistants, try to modify
the strokes drawn by human [11], [23], or provide drawing
guidance to the human [24]-[26]. Differently, we aim to
exactly preserve what a human subjectively creates, and
enable the robot to draw complementary strokes.

Artistic Portrait Drawing Generation. Artistic Portrait
Drawing Generation (APDG) has attracted numerous inter-

ests. Existing APDG methods focuses on translating a facial
photo to an artistic style, such as pen-drawings [27], pencil-
sketches [28]—[31], line-drawings [8], [32], and oil-paintings
[20], [33], [34]. Existing methods to achieve this follow
either the architecture of Generative Adversarial Networks
(GANS) [27], [31], [32], [35], Neural Style Transfer (NST)
[8], [36], or Diffusion models [20], [37]. However, a high-
quality facial line-drawing dataset is lack. Existing line-
drawing datasets focus on natural objects [38], [39]. To
approach these challenges, in this work, we construct a novel
portrait line-drawing dataset.

Image Inpainting. Image inpainting (or completion) has
been a longstanding task in Computer Vision (CV). Existing
work mainly focus on photos and rarely on portrait drawing
yet [40]—-[43]. Techniques to improve the quality of inpainted
images include partial convolution [44], semantic modulation
[41], context information [10], etc. Although these methods
have achieved satisfactory results, they require the mask of
missing area in the inference stage. However, this mask
is unavailable in portrait drawing inpainting. There have
been several sketch completion methods [11], [45], [46]. All
these methods adopt stacked networks to inpaint an input
sketch from coarse to fine, and focus on objects or animals,
instead of human faces. In addition, they tend to fail [11],
[46], or generate images [45], when too many strokes are
missing. In contrast, we propose a novel geometry-aware
sketch inpainting method, which can successfully predict the
target portrait drawing conditioned on few strokes.

Facial Geometry Estimation. Face geometry estimation
from facial photos, including semantic parsing [47]-[49] and
3D pose estimation, have been widely investigated in the
past decades. The most successful methods are deep learning
based, and explore aspects including multiscale features [50],
context correlations [51]-[53], boundary constraints [47],
[49], synthetic data [48], etc. However, these methods do not
work for other styles of facial images, such as line-drawings
or oil-paintings. In addition, the facial 3D pose estimation
methods usually predict the 3D information of the facial
area, without the regions of hair, neck, etc. Currently, several
methods have been proposed for the semantic segmentation
[54]-[57] and depth estimation [58] of sketches about natural
scenes or objects. There has been no method for semantic
parsing or 3D geometry of facial sketches.

III. DATASET

Given a facial photo, previous works use the edges ex-
tracted by Canny operator, semantic boundaries [33], [34],
or HED [33], [59], as portrait drawings. Such drawings are
unappealing, and differ dramatically from those drawn by
a human. Recently, Gao et al. [8] propose a novel line-
drawing generation method, AiSketcher, based on neural
style transfer. The resulting drawings present an appealing
appearance, with detailed facial structures. We thus construct
the portrait drawing dataset by using AiSketcher. In addition,
to mimic the line strokes drawn by human, we further
transfer the images generated by AiSketcher to binary line-
drawings with smooth strokes, by using the Simplify method
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Fig. 3. Illustration of different types of artistic portrait drawings, and the
incomplete portrait drawing with actual semantic masks (last column).

[14]. As shown in Fig. 3, the final line-drawings vividly
present the corresponding photographic face, with a sparse
set of smooth strokes. Moreover, our final line drawing shows
distinct superiority over previous methods.

To construct a large scale portrait drawing dataset,
we select 30,000 high-resolution facial photos from the
CelebAMask-HQ dataset, and transfer them to line-drawings
via AiSketcher [8] and Simplify [14]. It is notable that, the
semantic parsing masks of each facial photo is available in
the CelebAMask-HQ dataset. In addition, we use the LeRas-
based model [15], [60] to estimate the depth map of each
photo, to preset the 3D structure. Note that both AiSketcher
and Simplify cause little or no geometric deformation. Thus,
such semantic masks and depth maps can be used as dense
labels of portrait drawings. As a result, each sample becomes
a quartet, i.e., {portrait drawing x, photo y, semantic parsing
masks S, depth map D}.

Following the original partition of CelebAMask-HQ, we
divide the whole dataset into training, validation, and testing
subsets, with the ratio of about 8:1:1. We refer to our
portrait drawing dataset as CelebLine, and will release
upon publish. As far as we are aware, this is the first portrait
drawing dataset with such dense labels. Our dataset can be
used for not only the generation of portrait drawings, but
also semantic analysis or depth estimation.

IV. METHOD
A. Overview

In our setting, a human and a robot take turns to draw
strokes on a canvas, and finally create a portrait drawing after
several interactive iterations. During one iteration, formally,
we denote the version of drawing with x;, after human finish
their creation. Then, the robot estimates the complete version
of this drawing, x, and draw some complementary strokes on
the canvas, obtaining the complemented drawing, z.,.. Thus,
it is crucial to complete the initial drawing, while preserving
existing strokes and presenting reasonable facial structures.

To this end, we develop a novel Geometry-Aware Portrait
Drawing Inpainting (GAPDI) method. Our method follows
the architecture of GANs [61], [62]. We here propose a
geometry-aware generator to inpaint the input drawing from
coarse to fine. In addition, we constrain the generated draw-
ings to be consistent with the target ones, in terms of both
2D semantics and 3D depths. Finally, we use multiscale
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Fig. 4. Pipeline of the proposed Geometry-Aware Portrait Drawing
Inpainting (GAPDI) method.

discriminators to constrain the generated sketches to be
natural and high quality. Details are presented below.

B. Geometry-Aware Generator

As shown in Fig. 4(a), our generator G composes of a
semantic predictor, G5, and two stacked inpainting networks,
G. and Gy. Given a portrait drawing z, G, estimates the
potentially complete semantic masks G(x). Afterward, G,
and Gy generates the complete drawing in a coarse-to-fine
manner, conditioned on both z and G(z).

Complete Semantic Prediction. To reasonably inpaint an
incomplete drawing, we first estimate the potential geometry
of the final portrait. In other words, our semantic predictor
aims to estimate a complete semantic masks from an incom-
plete drawing. In the implementation, G follows the archi-
tecture of PoolFormer [63], due to its inspiring performance
in various tasks. The predicted complete semantic masks are:

S = Gy(zh). (1)

During the training stage, G5 is optimized by minimizing the
L2 distance between the predicted semantic masks G (xy)
and the corresponding target s, i.e.

Le, = IS = 8|13 = ||Gs(zn) — S5 )

Stacked Portrait Drawing Inpainting. The architectures
of our coarse inpainting network G. and refined inpainting
network Gy are similar to Pix2PixHD [62]. Specially, the
architecture of G, is the same as Pix2PixHD, and composes
of two encoding layers, two decoding layers, and four resid-
ual blocks. Differently, G has four encoding layers, four
decoding layers, and nine residual blocks. Here, an encod-
ing/decoding layer consists of a downsampling/upsampling
convolutional layer, followed by batch normalization (BN)
and a ReLU activation layer. The stacked portrait drawing
inpainting procedure is formulated as:

ir = G(Ze,xn,S), with &.=G(zn,S). (3)

C. Geometric Consistency

A generated portrait drawing should accurately present the
target facial structure. We therefore constrain the generated
drawings to be consistent with the target ones, in terms of
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both 2D semantics and 3D depths. As shown in Fig.4b, we
use a semantic parsing network F and a depth estimation
network F,; for computing geometric consistency losses.

2D Semantic Consistency. The face semantic parsing
model F, is to estimate the actual semantic masks of a
given portrait drawing. This is different from the previous
semantic predictor G,. Given an incomplete drawing xp,
F is expected to predict the corresponding semantic masks,
Sh, which precisely represent what have drawn in the input
drawing. Instead, G aims to estimate the complete semantic
masks s from what have drawn, to further estimate the com-
plete portrait drawing. Fig. 3 illustrates differences between
complete and actual semantic masks. The architecture of F
also follows PoolFormer [63]. F is optimized by minimizing
the semantic reconstruction loss, i.e.

Lp, = ||Fs(zn) — Snll3. 4

Afterward, the learned Fj is fixed and used for calculating
the 2D semantic consistency loss, i.e.

Loem = |Fs(8c) — S|I5 4+ ||Fs(2p) = SIl5, ()

to optimize the generator. In this way, the inpainted portrait
drawings, . and £, would present the target 2D structure.

3D Structural Consistency. In addition, a portrait draw-
ing should correctly convey the corresponding 3D facial
structure. We thus constrain to reconstruct the input depth
map from the inpainted drawings. To this end, we first
pretrain a network, Fy, for estimating the depth map of
a portrait drawing. In the implementation, the architecture
of Fy is the same as Pix2PixHD [62]. F} is learned from
pairs of complete drawings and depth maps, {x, D}, and is
optimized by minimizing the depth reconstruction loss, i.e.

Lr, = ||Fa(z) — D||1. (6)

Afterward, the learned Fj is fixed and used for calculating
the depth consistency loss:

Laep = ||Fa(Zc) = Dlly + [|[Fa(Zg) = Dlli. (D

D. Multiscale Discriminators

Following Pix2PixHD [62], we use multiscale discrimina-
tors D1 o 3 to boost the quality of generated sketches. These
discriminators have the same network structure but operate
at different image scales. They downsample the images and
label masks by a factor of 2 and 4 (denoted by |5 and |4 in
Fig. 4c) to create pyramids of 3 scales. These discriminators
enforce the generated portrait drawings to be consistent with
the semantic masks, as well as the 3D structures (i.e. depth
maps), at different scales.

E. Training Details

To train our models, we build pseudo paired training data
based on our CelebLine dataset. Specially, given a sample
{z,y,S, D}, we generate an incomplete portrait drawing as
xp by randomly removing some strokes from the original
complete drawing x. The corresponding incomplete parsing
mask S}, is obtained by changing the corresponding labels in

S to the category indices of skin or background. In addition,
we use a binary mask M to denote the incomplete regions. In
this way, we obtain a training sample {z,, Sp, M, z, S, D}.
Fig. 3 illustrates some complete and incomplete portrait
drawings, as well as the corresponding semantic masks.
Loss Functions. In addition to previous geometric consis-
tency losses, Lsem and Lgep, we also use a weighted stroke
reconstruction loss for optimizing the generator. Specially,
we use a weighted L1 distance between the generated
drawing and the target drawing, as the reconstruction loss:

Lree = |z — &) © M|y + 72| |(x — &) © M|y
+7ll(x —25) © Ml|1 +%2l|(x — 25) © M||1,

where © denotes the Hadamard product; ; and -~y are
weighting factors. In the binary mask M, 1 denotes missing
regions; M denotes the logical not of M. In the implemen-
tation, we set 71 = 10 and o = 40, thus our generator will
emphasize on generating the missing strokes.

We also use the integrated adversarial loss L4, from the
multiscale discriminators, the feature matching loss Lyeqt,
and the perceptual loss L4y, following Pix2PixHD [62],
during training. The total loss is computed by:

£total :Erec + )\lﬁadv + >\2£dep + )\3£sem
+ >\4»Cfeat + >\5£vggv

(®)

(©))

where A\ 2. 5 are weighting factors and set to 1, 3, 50, 10,
10, respectively, in the implementation. During training, we
alternately optimize the generator and discriminators.

Implementation. In the training stage, we use the Adam
optimizer. The momentum parameters are 31 = 0.5, 82 =
0.999. We use a learning rate of 0.0002, a batch size of 1,
and an epoch of 40. We conduct experiments on a single
RTX 3090. In the testing stage, it costs about 0.14 seconds
to estimate the complete version of a given portrait drawing,
via the learned generator.

V. SYSTEM

The appearance of our interactive drawing system is as
shown in Fig. 2. It mainly composes of a drawing robot, a
canvas, a camera, and an interface. As shown in Fig. 1, in the
beginning, a human user draws some strokes on the canvas
and commands the robot to draw.

Image Preprocessing. The robot will then take a picture
of the canvas, and processes this picture to obtain the initial
portrait drawing. To this end, we first automatically detect
the region of canvas [64], and then transform it to a standard
rectangle by affine transformation. Since the drawing area is
fixed on the canvas, we crop the patch of initial drawing em-
pirically. To alleviate the impact of illumination or shadows,
we also enhance the cropped image, and transfer it to binary.

Drawing by Robot. Afterward, we input the enhanced
image xj into our learned GAPDI model, and estimate
the complete portrait drawing ;. Based on the differences
between £y and xp,, the robot randomly selects some com-
plementary strokes and draws them on the canvas. Then there
will be a prompt to remind the user to continue or to end
the interactive creation process.
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Hardware. In the implementation, we use a hardware chip
of the STM43F405RGT6 Microcontroller Unit, and develop
based on the STM32 HAL library framework and RT-Thread
operating system. For motion control, we used a three-axis
linkage architecture to control the brush. The brush is fixed
by a pen clip, which can move stably in the z-axis. The
motor controls the brush to move freely in three-dimensional
space, by turning gears and belts. Moreover, we can control
the direction and speed of the brush, making the robot draw
steadily. Our robot provides an 3.9 x 5.8 inch canvas board
for the human user and robot to draw on it. For the facility,
we use a mobile phone to work as the camera and to present
the interactive interface. Note that most of our algorithms run
on a server, we thus don’t require much on the configuration
of the mobile phone or the robot. These design strategies
significantly decrease the cost of our robot.

Interactive Interface. We provide an interactive interface
to facilitate interactions between human and robots (as shown
in Fig. 1). A human user can start or end the interactive
drawing process by pushing the corresponding buttons on the
interface. In addition, we use the pretrained ControlNet [16]
to generate the corresponding avatars conditioned on the cre-
ated drawing, to improve the fun of the interactive drawing
process. Both the portrait drawing created by human-robot
and the generated avatar are shown on the interface.

VI. EXPERIMENTS

A. Settings

We optimize our portrait drawing inpainting model,
GAPDI, on the training set of our CelebLine dataset. After-
ward, we embed the learned model to our whole human-robot
interactive drawing system. To evaluate the performance of
our system, we require several human participants to interact
with our robot, and create diverse portrait drawings. In
addition, we analyze GAPDI and compare with state-of-the-
art (SOTA) methods on the testing set of CelebLine.

B. Human-Robot Interactive Creation of Portrait Drawings

Fig. 5 and Fig. 6 illustrate diverse portrait drawings
interactively created by different human users and our robot.
In addition, we show the intermediate results alternately
drawn by the human and the robot in Fig. 5. Obviously, the

Do
i)
Do
i)
Do

ControlNet

Illustrations of human-robot interactive creation of portrait drawings. The blue and red strokes are drawn by the human and the robot, respectively.

Fig. 6.

Tlustrations of completed portrait drawings, and the corresponding
avatars generated by ControlNet. The blue and red strokes are drawn by the
human and the robot, respectively.

strokes created by our robot are complement to those drawn
by human users, with consistent geometry and style. Namely,
our robot creates compelling strokes at the human users’ skill
level. The harmony of the final portrait drawings demonstrate
that our robot learns to understand human creating intentions.
In addition, the avatars generated by ControlNet are appeal-
ing and present consistent facial geometry.

In our experiments, a portrait drawing usually consists of
20-40 strokes, and is typically finished after 3-6 rounds of
human-robot interactions. During each interaction, a human
user or the robot draws 1-5 strokes in most cases. It costs
about 5 minutes for a human user and our robot to inter-
actively create a portrait drawing. Such a fast interactive
creation process allows our robots to serve more users.

Limitations: Our system occasionally fails to complement
the hair region. In our CelebLine dataset, there are usually a
sparse set of strokes over the hair regions. It’s challenging for
the inpainting model to precisely predict the hair geometry
and to generate accurate strokes.

C. Analysis of Portrait Drawing Inpainting

In this part, we apply the learned portrait drawing inpaint-
ing model to the testing set of CelebLine, and compare with
several SOTA image inpainting methods, i.e. MIST [65],
MST [66], and ILVR-ADM [67], and classic image-to-image
(I2I) translation methods, i.e. Pix2Pix [61], Pix2PixHD [62],
and CycleGAN [35]. All these methods are trained and test
under the same experimental settings as ours.

Evaluation metrics. We use six metrics as the criteria,
including the SSIM [68], FSIM [69], and LPIPS [70] be-
tween an inpainted portrait drawing and the corresponding
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TABLE I
PERFORMANCE INDICES IN PORTRAIT DRAWING INPAINTING.

TABLE I
PERFORMANCE OF MODEL VARIANTS IN THE ABLATION STUDY.

\SSIMT FSIM1 LPIPS| Precisiont Recallf F-Measuret

\SSIMT FSIM1 LPIPS] Precision? Recallf F-Measure?

Pix2Pix [61] 70.76 70.00 0.353 98.04  96.72 97.37
Pix2PixHD [62] | 67.11 67.76 0.284  97.27 9558 96.41
CycleGAN [35] | 61.15 62.64 0.389 95.59  96.67 96.12
MISF [65] 69.12 69.12 0.377 97.96  96.50 97.22
MST [66] 7724 7497 0.355 99.30  96.51 98.00
ILVR-ADM [67]| 56.50 56.41 0.427 97.18  94.69 95.92
GAPDI (Ours) | 77.57 75.61 0.260  98.82  97.00 97.90

0

) U i Zy

G5V WY& L ( )
Ah LA K A ATA

Pix2PixHD CycleGAN MISF MST ILVR-ADM

Input Pix2Pix

Fig. 7. Comparison with SOTA methods in portrait drawing inpainting.

target one. In addition, we calculate the Precision, Recall, and
F-measure in a pixel-by-pixel comparison manner. Lower
values of LPIPS (denoted by |), but higher values of the
other criteria (denoted by 1), indicate better performance.
We report the average values across all the testing images.

Comparison with SOTAs. As shown in Table I, our
method achieves the best performance in terms of four
indices, and the second-best performance in the other two.
Notably, our method achieves a significantly lower LPIPS,
indicating that our inpainted portrait drawings consist well
with the target ones in terms of both semantic and style. In
addition, Fig. 7 shows that our method can complete portrait
drawings with consistent structure and high-quality strokes.
In contrast, existing image inpainting methods, MISF, MST,
and ILVR-ADM, fail to complete portrait drawings. Both
Pix2Pix and CycleGAN produce chaotic strokes. Pix2PixHD
achieves the second-best performance qualitatively, but in-
ferior performance indices. This implies that the portrait
drawings inpainted by Pix2PixHD diverse from the target
ones in geometric details. These results demonstrate that our
method achieves the best performance in portrait drawing
inpainting, both quantitatively and qualitatively.

Ablation Study. We further conduct a series of ablation
study to analyse the impacts of our proposed techniques,
including the depth consistency loss Lgep, the semantic con-
sistency loss L, the complete semantic predictor G, and
the stacked inpainting strategy (stack). To this end, we build
several model variants by gradually adding these components
to our base model, i.e. Pix2PixHD [62]. As shown in Table
II, the corresponding quantitative performance progressively
improves as we use more proposed components. Especially,
using G significantly improve both SSIM and FSIM. Such
improvement verify the significance of our geometry-aware
strategy in the generator. In addition, our full model, i.e.
GAPDI, achieves the best overall performance. These ob-
servations demonstrate that all the proposed components
contribute to the performance improvement.

Geometry Estimation of Portrait Drawings. We finally

Base 67.11 67.76 0.284 97.27 95.58 96.41
+ ['dep 75.88 73.72 0.249 98.29 96.99 97.63
.+ Lsem 76.27 74.16 0.263 98.69 96.96 97.81
.+ G 77.10 74.63 0.254 98.80 96.98 97.88
... + stack (full)| 77.57 75.61 0.260 98.82 97.00 97.90
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Fig. 8. [Illustration of facial sketch semantic analysis. (a) Input sketch, (b)
predicted semantic masks by F, (c) estimated complete semantic masks by
G's; (d) input sketch, (e) estimated depth map by Fy, and (e) the pseudo
target depth map of the corresponding facial photo.

analyze the performance of geometry estimation for portrait
drawings, including the semantic parsing, complete semantic
prediction, and depth estimation. As illustrated in Fig. 8, our
semantic parsing model F; can accurately estimate the actual
semantic masks of an incomplete portrait drawing. While
the semantic predictor G5 can predict reasonable complete
masks, which present natural facial structures. In addition,
the estimated depth maps are highly consistent with the target
3D structures of corresponding facial photos. Such high
precision of geometry estimation contributes significantly
to our portrait drawing inpainting performance. In addition,
these results imply the potential values of our dataset in dense
analysis tasks of portrait drawings.

VII. CONCLUSIONS

In this paper, we propose a novel framework, HRICA,
for human-robot interactive creation of artistic portrait draw-
ings. To this end, we construct a novel portrait drawing
dataset CelebLine, propose a novel portrait drawing in-
painting method GAPDI, and develop an interactive draw-
ing robot system with a user-friendly interactive interface.
Experimental results demonstrate the effectiveness of our
framework, method, and system, as well as the potential
values of our dataset. In the future, we’ll explore richer
interactions and more styles of drawings. In addition, it’s
meaningful to explore dense analysis tasks, e.g. semantic
segmentation and depth estimation, of artistic drawings.
Finally, we are planning to explore multi-modality driven
human-robot interactive creation of artworks, and explore its
practical applications in education and digital entertainment.
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