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Figure 6. The MSE of the UVXYZ networks validation over 100 epochs.

Figure 7 visually compares the results in both 2D and 3D. We summarise the observations:

e Inthe UV only prediction, the results are visually similar, but there is some deviation between
each of the networks. When using Depth as the input stream, the predictions of both the right
eye and lip corners are predicted less precise than the other input streams; this could be directly
affected by the noise in the Depth maps, as when merged with a visual stream, performance
is improved.

e  For UVXYZ, there is no noticeable difference between the UV results.

e  For the XYZ only predictions we see much larger discriminations in the predicted facial landmarks.
Some of the major changes are:

- From the frontal view there is a variation in the mouth width, with Gs being the smallest
and Depth being the widest.

- Nose landmarks shifts in GsD were the nose tip and right nostril are predicted close to
each other.

- Eye shape changes between networks, Gs and RGBD produce round smooth eyes. Whereas
others are more jagged and uneven.

- From the side view, we see the profile of the face change with the forehead and nose shape
varying greatly between networks.

e In contrast to the UV results in the UVXYZ network, with the addition of auxiliary information
the resulting geometric landmarks on the mouth, nose, eye and eyebrows, become more precise
and consistent. In most of the cases the eyes are smoother, the eyebrows are more evenly spaced,
the nose irregularity in GsD no longer occurs and the mouth width consistency has improved
greatly. These results show that, as UV is easier for the networks to learn as all streams manage
similar results, when used as auxiliary information, they aid to standardise the 3D locations as
well. However, there are still some variations in the profile of the nose and in RGB the right eye is
predicted to be shut.
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Figure 7. A visual comparison of the results from the trained networks.

As shown in Table 1, for UV landmarks RGB has the lowest MSE, with Gs not far behind. It also

shows that for predicting landmarks in 3D only, that having both a visual and Depth data allows for
the highest precision results, with RGBD and GsD scoring the lowest with marginal differences in score.
For the MAE and MSE of the UVXYZ networks, we show the separate stages of the loss calculation:

Combined loss, which is the sum of UV and XYZ layers loss.
UV loss, the loss of the UV layers alone.
XYZ loss, the loss of the XYZ layers alone.

The combined loss shows the overall network performance, but the UV and XYZ alone show the

networks’ performance on the individual outputs. By comparing the loss of the UV and XYZ alone,
we illustrate how the auxiliary information is affecting network performance, compared to networks
predicting UV only or XYZ only landmarks. When trying to predict UVXYZ data, Gs performs the
best overall. We show that by introducing the 3D landmarks, we reduce the overall loss significantly
to UV alone in both RGB, Gs and GsD networks. Furthermore, the prediction of XYZ is improved in
the same networks. We see similar results in the MAE, shown in Table 2, where networks reduce the
loss below the UV alone networks. However, RGB sees the least MAE for UV. For overall combined
loss and XYZ loss, Gs scores the lowest in MSE and MAE.

Table 1. Table of the testing set evaluation on MSE. Bold highlights the lowest error.

Input Data UVMSE XYZ MSE UVXYZ MSE (Combined) UVXYZ MSE (UV) UVXYZ MSE (XYZ)

Gs 1.8192 0.0023 1.3695 1.3676 0.0019
Depth 6.4672 0.0023 6.6509 6.6482 0.0027
Gs Depth 2.1845 0.0022 1.8933 1.8911 0.0022
RGB Depth 2.1561 0.0022 2.8744 2.8752 0.0022
RGB 1.7488 0.0023 1.5612 1.5592 0.0019
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Table 2. Table of the testing set evaluation on MAE. Bold highlights the lowest error.

Input Data UVMAE XYZMAE UVXYZ MAE (Combined) UVXYZ MAE (UV) UVXYZ MAE (XYZ)

Gs 1.0052 0.0341 0.9127 0.8797 0.0330
Depth 1.9150 0.0361 1.9705 1.9322 0.0382
Gs Depth 1.1210 0.0379 1.0617 1.0246 0.0371
RGB Depth 1.0848 0.0367 1.3056 1.2685 0.0371
RGB 0.9553 0.0346 0.9685 0.9388 0.0297

The key differences in single task networks and multi-task networks in predicting facial landmarks
were observed in the feature maps of the networks, illustrated in Figure 8. The network kernels learned
the spatial information from UV prediction. Therefore, the feature maps shown in the UV prediction
demonstrate the activation of appearance-based facial features. On the other hand, when predicting
the geometry coordinate of XYZ, we observed that the feature maps of the convolutional layers had
point-based (facial landmarks) activation. This is due to the Z component which makes the facial
landmarks more separable. The UVXYZ column depicts the features maps in UVXYZ prediction.
We observed it has better pattern representation with both appearance based and point/landmarks
information. The Gs network performs the best with the feature maps demonstrating the networks
can process the input stream to focus on the specific landmark regions of the face. Further advantages
occur when auxiliary information is added: the kernels become refined and are able to detect features
with high intensity, as the network is forced to learn how the structure appears in both 2D and 3D.
It also means the network can process the data more efficiently as the input is a single stream. However,
a disadvantage of this system is that the image must be pre-processed from RGB to Gs.

To demonstrate the effectiveness of the network, we visualise the predicted landmarks of the Gs
network on a 3D model, shown in Figure 9 (see Supplementary Materials). With Gs as input data
stream, our proposed method predicts accurate 3D facial landmarks on raw Depth data using auxiliary
information. Furthermore, this illustrates the accuracy of the network, even with raw Depth data, our
proposed method manages to estimate accurate 3D facial landmarks after pre-processing to crop and
resize Depth images for the network, where a human would be incapable of without full-size Depth
images [36]. However, due to the noise from the raw data, the limitation of our proposed method is
not able to locate the Z position precisely in some cases.
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Figure 8. A comparison of the output of the final convolutional filter for each type of network prediction
on the RGB Images. The third column illustrates the feature maps for UVXYZ prediction, the best

performance with auxiliary information.

Figure 9. The result of the Gs UVXYZ trained network and the appropriate model from the same input
Depth map. The model is transparent to show geometry coordinates of the facial landmarks.

5. Discussion and Conclusions

In this work we have shown and illustrated the effect of different data streams within neural
networks, to identify which streams are ideal for current research topics, as current literature uses a
mixture. We also extended the work by the prediction of points in the camera (XYZ) space as this is
a valuable resource in facial expression recognition and animation synthesis, but current literature
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focuses on image (UV) space coordinate systems. Unique insights into each stream of data were
obtained, demonstrating the pros and cons of each stream. To prevent bias, an in-house dataset was
used, showing that each network could reliably track facial features and expressions in both 2D and 3D.
The networks showed that the existing data-streams could accurately predict 2D and 3D landmarks.

Comparing the results and feature maps of the networks demonstrates the ability of the networks
to process and understand the different forms of data and if they are beneficial to the network.
Full RGB performed the most effectively on UV with the least amount of errors and the lowest scale
of errors. While Depth shows its effectiveness at predicting landmarks, the noise it presents requires
additional streams, such as RGB to smooth out and retrieve reliable results. In the final experiment,
for predicting UVXYZ, we show that although for UV alone RGB is the most efficient, Gs outperformed
it, illustrating that more generalizable single frames are more effective when predicting a wide range
of values. While Depth has shown to be difficult for the networks to learn from, with limitations such
as exploding gradients, even after merging with cleaner streams it has been shown to be effective even
when cropped and resized for the prediction of landmarks, where traditional methods require full-size
Depth images.

This work focused exclusively on the use of neural networks to predict facial landmarks without
the aid of physical markers, sensors, or reference points placed on the individuals. There have been
many incremental studies into the use of neural networks to predict the image (UV) space landmarks
successfully. However, the results all use different streams of data with little consensus on why the
stream is used, except for dataset or memory limitations. In addition, XYZ coordinates are not being
predicted by neural networks in current systems. For networks, many industries desire the use of 3D
landmarks in real-time.

There are several limitations in this study, mostly related to the data used to train the network and
the difficulty of 3D landmarks. Firstly, due to the context issue of cropping, a Depth map recording
was done in a controlled environment, so the network must only learn a manageable part of the 3D
viewing frustum. This, regarding animation, has an advantage as it normalises the facial position,
while still tracking 3D facial movement. However, for full 3D prediction full Depth maps would still
be required. Future work should seek out new technologies, such as the Intel real-sense [37], which
could resolve the noise issue of the Kinect as it provides both higher resolution and cleaner Depth
maps as shown by Carfagni et al. [38], which would aid the networks’ ability to learn from the data.
Other aspects would be to further the work with a larger dataset to test the reliability of no Depth
streams with a wider demographic of faces.

We have shown and analysed how the input data stream can affect a deep neural network
framework, for the analysis of facial features, which can have an impact on facial recognition,
reconstruction, animation, and security, by providing how the networks interact with the different data
streams. The stream shows different levels of accuracy and reliability which can positively affect future
work. Future work will include increasing the number of participants and increasing the amount of
reliably tracked landmarks without marker 3D reference points on the face, as current literature is
limited in this area.

6. Materials and Methods

We provide access to all codes used to build and train models on GitHub. We also provide
demo codes to enable the real-time use of the trained models, with the use of a Kinect. All scripts are
provided in python. The in-house KOED dataset will be made publicly available. However, in its raw
form, the dataset requires over 675 GB to store at the time of writing, without any annotations.

Supplementary Materials: We provide multiple videos representing our results. Firstly, we provide a video of
the model and points shown in Figure 9, rotating between £90 degrees, as it is a raw Depth map model there is
no back, thus 360 provides no additional information. Finally, we provide videos demonstrating the feature maps
of the networks to illustrate which features in the images the network deems most valuable to the prediction.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network

LSTM Long Short-Term Memory

RNN Recurrent Neural Network

ReLU Rectified Linear Unit

RGB Red Blue Green

RGBD Red Blue Green Depth

Gs Greyscale

GsD Greyscale Depth

D Depth

2D Two Dimensional

3D Three Dimensional

KOED Kinect One Expressional Dataset

HD High Definition

MSE Mean Squared Error

MAE Mean Absolute Error

References

1. Vicon Motion Systems Ltd. Capture Systems; Vicon Motion Systems Ltd.: Oxford, UK, 2016.

2. Zhang, K;; Zhang, Z.; Li, Z.; Qiao, Y. Joint Face Detection and Alignment Using Multitask Cascaded
Convolutional Networks. IEEE Signal Process. Lett. 2016, 23, 1499-1503. [CrossRef]

3. Ranjan, R; Patel, V.M.; Chellappa, R. HyperFace: A Deep Multi-task Learning Framework for Face Detection,
Landmark Localization, Pose Estimation, and Gender Recognition. IEEE Trans. Pattern Anal. Mach. Intell.
2016, 1. [CrossRef]

4. Bui, HM.; Lech, M.; Cheng, E.; Neville, K.; Burnett, I.S. Using grayscale images for object recognition with
convolutional-recursive neural network. In Proceedings of the 2016 IEEE Sixth International Conference on
Communications and Electronics (ICCE), Ha Long, Vietnam, 27-29 July 2016; pp. 321-325. [CrossRef]

5. Zhou, E; Fan, H,; Cao, Z,; Jiang, Y.; Yin, Q. Extensive facial landmark localization with coarse-to-fine
convolutional network cascade. In Proceedings of the 2013 IEEE International Conference on Computer
Vision Workshops, Sydney, NSW, Australia, 2-8 December 2013; pp. 386-391. [CrossRef]

6.  Jourabloo, A; Liu, X. Large-Pose Face Alignment via CNN-Based Dense 3D Model Fitting. In Proceedings
of the 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA,
27-30 June 2016; pp. 4188-4196. [CrossRef]

7. Han, X;; Yap, M.H.; Palmer, I. Face recognition in the presence of expressions. J. Softw. Eng. Appl. 2012, 5, 321.
[CrossRef]

8. Faceware Technologies Inc. Faceware; Faceware Technologies Inc: Sherman Oaks, CA, USA, 2015.

9.  Feng, Z.H, Kittler, ]. Advances in facial landmark detection. Biom. Technol. Today 2018, 2018, 8-11. [CrossRef]

10.  Phillips, PJ.; Flynn, PJ.; Scruggs, T.; Bowyer, KW.; Chang, J.; Hoffman, K.; Marques, J.; Min, J.; Worek, W.
Overview of the Face Recognition Grand Challenge. In Proceedings of the 2005 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition (CVPR’05), San Diego, CA, USA, 20-25 June 2005;
IEEE Computer Society: Washington, DC, USA, 2005; Volume 1, pp. 947-954. [CrossRef]

11.  Microsoft. Microsoft Kinect; Microsoft: Redmond, WA, USA, 2013.

88



Symmetry 2018, 10, 230

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

31.

32.

Zhang, Z.; Luo, P.; Loy, C.C; Tang, X. Facial landmark detection by deep multi-task learning. In Lecture
Notes in Computer Science; (Including Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics); Springer: Berlin, Germany, 2014; Volume 8694, pp. 94-108.

Hand, EM.; Chellappa, R. Attributes for Improved Attributes: A Multi-Task Network for Attribute
Classification. arXiv, 2016, arXiv:1604.07360.

Zhang, Z.; Luo, P; Loy, C.C.; Tang, X. Learning Deep Representation for Face Alignment with Auxiliary
Attributes. IEEE Trans. Pattern Anal. Mach. Intell. 2016, 38, 918-930. [CrossRef] [PubMed]

Sun, Y.; Wang, X.; Tang, X. Deep convolutional network cascade for facial point detection. In Proceedings of
the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, Portland, OR, USA,
23-28 June 2013; pp. 3476-3483. [CrossRef]

Lai, H.; Xiao, S.; Pan, Y,; Cui, Z.; Feng, J.; Xu, C.; Yin, J.; Yan, S. Deep Recurrent Regression for Facial
Landmark Detection. arXiv, 2015, arXiv:1510.09083. [CrossRef]

Hochreiter, S.; Schmidhuber, J. Long short-term memory. Neural Comput. 1997, 9, 1735-1780. [CrossRef]
[PubMed]

Liu, H.; Lu, J.; Feng, J.; Zhou, ]J. Learning Deep Sharable and Structural Detectors for Face Alignment.
IEEE Trans. Image Process. 2017, 26, 1666-1678. [CrossRef] [PubMed]

Angeline, PJ.; Angeline, PJ.; Saunders, G.M.; Saunders, G.M.; Pollack, J.B.; Pollack, ].B. An evolutionary
algorithm that constructs recurrent neural networks. IEEE Trans. Neural Netw. 1994, 5, 54—65. [CrossRef]
[PubMed]

Dibeklioglu, H.; Salah, A.A.; Akarun, L. 3D Facial Landmarking under Expression, Pose, and Occlusion
Variations. In Proceedings of the 2008 IEEE Second International Conference on Biometrics: Theory,
Applications and Systems, Arlington, VA, USA, 29 September—1 October 2008; pp. 3-8.

Nair, P.; Cavallaro, A. 3-D Face Detection, Landmark Localization, and Registration Using a Point Distribution
Model. IEEE Trans. Multimed. 2009, 11, 611-623. [CrossRef]

Ngiam, J.; Khosla, A.; Kim, M.; Nam, J.; Lee, H.; Ng, A.Y. Multimodal Deep Learning. In Proceedings of
the 28th International Conference on Machine Learning (ICML), Orlando, FL, USA, 3-7 November 2014;
pp. 689-696. [CrossRef]

Park, E.; Han, X.; Tamara, L.; Berg, A.C. Combining Multiple Sources of Knowledege in Deep CNNs for
Action Recognition. In Proceedings of the 2016 IEEE Winter Conference on Applications of Computer Vision
(WACV), Lake Placid, NY, USA, 7-9 March 2016; pp. 1-8.

Socher, R.; Huval, B. Convolutional-recursive deep learning for 3D object classification. In Advances in Neural
Information Processing Systems 9: Proceedings of the 1996 Conference; MIT Press Ltd.: Cambridge, MA, USA,
2012; pp. 1-9.

Liu, L.; Shao, L. Learning discriminative representations from RGB-D video data. IJCAI 2013, 1, 1493.

Cao, C; Weng, Y.; Zhou, S.; Tong, Y.; Zhou, K. FaceWarehouse: A 3D facial expression database for visual
computing. IEEE Trans. Vis. Comput. Graph. 2014, 20, 413-425. [CrossRef] [PubMed]

Microsoft. Microsoft Kinect 360; Microsoft: Redmond, WA, USA, 2010.

Fanelli, G.; Dantone, M.; Gall, J.; Fossati, A.; Van Gool, L. Random Forests for Real Time 3D Face Analysis.
Int. . Comput. Vis. 2013, 101, 437-458. [CrossRef]

Min, R.; Kose, N.; Dugelay, J.L. KinectFaceDB: A Kinect Face Database for Face Recognition. IEEE Trans.
Syst. Man Cybern. A 2014, 44, 1534-1548. [CrossRef]

Hg, R.I; Jasek, P.; Rofidal, C.; Nasrollahi, K.; Moeslund, T.B.; Tranchet, G. An RGB-D database using
microsoft’s kinect for windows for face detection. In Proceedings of the 2012 8th International Conference
on Signal Image Technology and Internet Based Systems, (SITIS'2012), Naples, Italy, 25-29 November 2012;
pp. 42-46. [CrossRef]

Erdogmus, N.; Marcel, S. Spoofing in 2D face recognition with 3D masks and anti-spoofing with Kinect.
In Proceedings of the 2013 IEEE 6th International Conference on Biometrics: Theory, Applications and
Systems (BTAS), Arlington, VA, USA, 29 September—2 October 2013. [CrossRef]

Kendrick, C; Tan, K.; Walker, K.; Yap, M.H. The Application of Neural Networks for Facial Landmarking on
Mobile Devices. In Proceedings of the 13th International Joint Conference on Computer Vision, Imaging
and Computer Graphics Theory and Applications (VISAPP), Funchal, Portugal, 27-29 January 2018;
INSTICC/SciTePress: Setubal, Portugal, 2018; Volume 4, pp. 189-197. [CrossRef]

89



Symmetry 2018, 10, 230

33.

34.
35.
36.

37.
38.

Abadi, M.; Barham, P; Chen, J.; Chen, Z.; Davis, A.; Dean, J.; Devin, M.; Ghemawat, S.; Irving, G.;
Isard, M.; et al. TensorFlow: A System for Large-Scale Machine Learning. Osdi 2016, 16, 265-283.

Chollet, F. Keras. 2016. Available online: https:/ /keras.io/ (accessed on 15 June 2018).

Kingma, D.P; Ba, ].L. Adam: A Method for Stochastic Optimization. arXiv, 2015, arXiv:1412.6980v8.
Kendrick, C.; Tan, K.; Williams, T.; Yap, M.H. An Online Tool for the Annotation of 3D Models. In Proceedings
of the 2017 12th IEEE International Conference on Automatic Face & Gesture Recognition (FG 2017),
Washington, DC, USA, 30 May-3 June 2017; pp. 362-369. [CrossRef]

Intel. RealSense SR300; Intel: Santa Clara, CA, USA, 2016.

Carfagni, M.; Furferi, R.; Governi, L.; Servi, M.; Uccheddu, E; Volpe, Y. On the Performance of the Intel SR300
Depth Camera: Metrological and Critical Characterization. IEEE Sens. J. 2017, 17, 4508-4519. [CrossRef]

® © 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
[

(CC BY) license (http:/ /creativecommons.org/licenses /by /4.0/).

90



MDPI
St. Alban-Anlage 66
4052 Basel
Switzerland
Tel. +41 61 683 77 34
Fax +41 61 302 89 18

www.mdpi.com

Symmetry Editorial Office
E-mail: symmetry@mdpi.com
www.mdpi.com/journal /symmetry







MDPI

St. Alban-Anlage 66
4052 Basel
Switzerland

Tel: +41 61 683 77 34

/
Fax: +41 61 302 89 18 mI\D\Py
/

www.mdpi.com ISBN 978-3-03936-965-2



	Blank Page



