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Abstract— As Consumer Technologies (CT) seeks to engage and 
interact more closely with the end-user it becomes important to 
observe and analyze a user’s interaction with CT devices and 
associated services. One of the most useful modes for monitoring 
a user is to analyze a real-time video stream of their face. Facial 
expressions, movements and biometrics all provide important 
information, but obtaining a calibrated input with 3D accuracy 
from a single camera requires accurate knowledge of the facial 
depth and distance of different features from the camera. In this 
paper, a method is proposed to generate synthetic high-
accuracy human facial depth from synthetic 3D face 
models. The generated synthetic human facial dataset is 
then used in Convolutional Neural Networks (CNN’s) for 
monocular depth facial estimation and the results of the 
experiments are presented. 

Keywords—3D Facial models, Facial Depth models, CNN's 

I. INTRODUCTION

Faces, with all their complications and an enormous 
number of degrees of freedom, allow us to connect and express 
ourselves through gestures, mimics and expressions. Depth 
information, pose, motion and shape are fundamental 
challenges in CT services and related devices. Examples 
include autonomous driving [1], license plate recognition [2], 
3D reconstruction [3], scene understanding [4], human detection 
& pose estimation [5], and medical image segmentation [6]. 
Facial movements, biometrics and expressions all provide 
important information but obtaining accurate facial depth and 
distance of different features from the camera requires 
knowledge of the calibrated input with 3D information from a 
single camera. Nowadays, state-of-the-art structures rely on 
highly improved CNN's based designed networks and large 
datasets require high-power machines.    

Progressively sophisticated camera hardware is 
becoming more reasonable at the consumer level, offering new 
possibilities. CT is now being combined with Machine 
Learning (ML) and Artificial Intelligence (AI) software to 
create new consumer-grade products. Luckily, recent advances 
in CT have taken to market numerous low-cost sensing 
solutions cameras can enable a range of useful CT applications 
including low-light facial recognition or object classification, 
business security and the world of home. Low-cost cameras can 
enable a range of useful CT applications including low-light 

facial recognition or object classification, business security and 
the world of home, facial biometrics to authenticate users, 
portrait photography, classification of facial expressions 
(determine user emotion/mood), 3D models from the 2D 
camera (map face response onto a virtual reality (VR) avatar in 
an online world), TV (that can adjust the size of screen text or 
subtitles based on user-distance and preferences, 3D lighting 
effects, and demine head pose position and distance to optimize 
airbag deployment. 

In particular, facial images are used in many CT 
structures. Facial images show various variations including 
expressions, 3D appearance, hairstyle and pose. The current 
advanced 3D tools such as Blender [7] and iClone [8] are used 
to synthesized many face variations. By using these 3D tools, 
large numbers of fake images can be created to train CNN's 
models. The generated images can be used for many 
applications having enough variations including depth, camera 
location and light direction and occlusions.       

Deep learning-based networks require datasets having 
more information and precise data to train and evaluate different 
use cases methods for CT applications. In the past, years, 
researchers have made remarkable progress on 3D modelling 
and synthesis. Synthesized datasets have been used for deep 
learning models training in many tasks, example includes 
human behaviour analysis, driver monitoring, scene analysis 
and understanding, augmented reality systems, facial 
authentication and facial expression. The existing human facial 
datasets (e.g. Biwi Kinect Head Pose Dataset [9] and Pandora 
[10]) have lots of missing information especially the depth and 
due to the restricted variation, the number of available samples 
makes datasets insufficient for training deep learning models. 
These datasets required manual explanation of the scene that is 
very hard and time-consuming work and error-prone in case of 
videos [11]. In such type of facial data, they are not sufficient to 
learn well from CNN’s model's limits many CT application [12-
13]. 

Although, current deep learning-based methods have 
shown good performance on many tasks including face 
recognition systems, object classification, business security and 
the world of home, 3D reconstructions, robotics and 
autonomous driving. Purpose of accurate depth information in 
the 3D reconstruction is a very important part of computer vision 
problems.  CT applications need more developments in short-
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range depth estimation to engage with humans for better 
understanding.     
 In this paper, we proposed a details methodology for 
generating synthetic facial models. During the generation 
process, iClone [7] software and the 3D virtual human models 
are used to generate facial depth information. In the proposed 
method, by putting various variations in synthetic facial data we 
can produce any number of images, which require a more 
complex and detailed structure than the generative models used 
in the previous works.       

II. LITERATURE REVIEW 

 Facial depth from monocular images as an ill-posed problem 
in computer vision, example includes virtual reality and human-
computer interaction. Facial depth estimation is used in many 
applications including human object detection, human-robot 
interactions and controlling 3D avatars [14-19]. 

Recently, deep learning-based methods received a great 
interest in facial depth estimation, serval works propose the use 
of RGB images with ground truth depth images to learn how to 
estimate depth [20-21]. The main issue is related to the available 
training datasets is limited size and overall low image quality 
[22-23].  

Facial data is used for face recognition by expanding the real 
data for pose variation. Basel face model and 3D morphable [24-
25] are used in many use cases applications to generate synthetic 
facial models [26]. A fake dataset is generated for person 
identification in [27]. (SURREAL) the dataset is proposed in 
[28], having a large number of synthetic images that are 
generated from 3D sequences of MoCap models. Fake human 
bodies are generated by using the SMPL model in [29] having a 
large number (6 million) frames with ground truth depth 
information, poses and mask segmentation. In this article, we 
present a methodology to create synthetic human facial models 
having various variations including camera location, light 
position, body-pose, facial animations and scene illuminations. 
The method can generate any number of images with ground 
truth depth information. 

III. ORGANIZATION OF THE METHOD 

In this section, we propose a complete pipeline for creating 
the synthetic human facial dataset with ground truth depth. 
Human facial models are generated by using the realistic human 
100 models in iClone [7] and Blender [8] software in the 
following steps:  

 The Initial human faces characters are generated by 
using the iClone character creator [7]. These animated 
facial models can be adapted with shaping and morphs 
in iClone character creator [7] which offers a useful 3D 
rigging option. An example of these models is shown 
in Fig 1.          

 The synthetic human facial models are imported to 
iClone [7] with various expressions (happy, neutral, 
angry, scared and sad) to create more variation to the 
human facial models. An example is shown in Fig. 2.  

 Synthetic human facial models have then exported to 
render high-quality images in different formats. The 

generated human facial models are exported to Blender 
[8] from iClone [7] in .fbx formate as it offers an 
appropriately rigging option. An example is given in 
Fig. 3.  

 The human facial models were exported from iClone 
[7] and placed in a 3D scene in the Blender [8].    

 The cameras and lights are placed in a fixed position 
and the relative distance of the model to the camera is 
changed within the range of 700-1000mm. The human 
facial model is rotated in the scenes and the sensor size 
is set between 36mm to 60mm. Fig. 4 show an example 
of the camera position and light location of the human 
facial models in Blender [8].  

 During the generation process of the human faces with 
ground truth depth information, the (near and far) clip 
is set between 0.01 to 5 meters. RGB and depth images 
are generated in 480 × 640 resolution and texture, 
colour and static backgrounds. A few samples of the 
generated human facial models are shown in Fig. 5 
while the camera location is varied to the 
corresponding human facial models.     

 The position is changed at different points of the 
camera to the human facial models with the 
corresponding ground truth depth, which can be seen 
in Fig. 6.   

  Blender [8] render passes are used to generate 
synthetic facial models. To reduce the noise, the 
branched path tracing method is utilized. An example 
is given in Fig. 7 of the noise controlling technique in 
Blender [8].      

  Cycles engine are used to render the RGB and depth 
images, An example of the pipeline is given in Fig. 7, 
which show the generation procedure, camera position 
and light location.    

  The generated synthetic human facial images with the 
ground-truth depth images are given in Fig. 9. 

 In the last step, all the keyframes are rendered to get 
the RGB and the depth images are captured through the 
python plugin provided by Blender [8]. 

The whole experiments and human facial depth dataset creation 
is done on Core i7 with 32 GB of RAM and with GeForce Ti 
GTX GPU with (11x2) GB of the graphics card. The images are 
saved in .jpg and. exr format. The rending average time for every 
frame is 52.5 seconds. The raw head pose and depth information 
are also taken as part of this human facial dataset. An example 
of the RGB and depth images with different head poses are 
presented in Fig 10. Different illuminations of the human facial 
dataset are shown in Fig 11. The more complex background is 
added to the human facial dataset and an example can be seen in 
Fig. 12. 
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Fig. 1. An example from the iClone Character creator.  

 
Fig. 2. An example of Different expressions (happy, sad, angry, neutral and 
scared) of iClone [7].  

 
Fig. 3. An example of iClone [7] facial model in Blender [8].   

 
Fig. 4. An example of the 3D character in Blender [8] shows the light location 
and camera position.  

 

Fig. 5. An example of the head model from various views of the facial model 
and the corresponding depth information.   

 
 

Fig. 6. Images of the synthetic human faces and corresponding ground truth 
depth in different camera location.   

 
Fig. 7. An overview of the noise reduction method.           

 
Fig. 8. A simple view of the rendering configuration in Blender [8].  

 
Fig. 9. Human facial images and ground truth depth images with various 
expressions.  

 
Fig. 10. An example of the facial images and their corresponding ground truth 

depth images with different head pose representation.  
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Fig. 11. An example of facial images with light variations. 

 

Fig. 12. An example of the complex background representation of the facial 
images with ground truth depth. 

IV. DEPTH ESTIMATION MODELS 

A. Network architecture: 

To check the data quality a shallow autoencoder 
(around 17 million parameters) with skip connection-based U-
Net architecture shown in Fig 13 is proposed. The encoder and 
decoder both consist of basic blocks of double convolution with 
the Batch norm and ReLU activation. Additionally, in the 
decoder, the convolutions are used on the concatenation of the 
bilinear up-sampling of the earlier block with the corresponding 
block from the encoder module. The network has been 
initialized with random weight and trained with Adam 
Optimiser.  

 
Fig. 13. An example of the proposed network architecture. 

B. Training losses: 

Loss function for monocular depth prediction from single 
image takes the difference among the ground truth g and the 
predicted depth map d. In this work, we have used SSIM loss, 
gradient loss and surface normal loss. These help to learn the 
correct depth of the scene as well as the 3D structure of the face. 
The loss L between g and d is defined as the weighted sum of 
the three different losses  

𝐿(𝑔, 𝑑) = 𝑤 𝐿 (𝑔, 𝑑) +  𝑤 𝐿 (𝑔, 𝑑)

+  𝑤 𝐿 (𝑔, 𝑑) 
The first loss term 𝐿  incorporates the structural similarity 
(SSIM). As the SSIM has an upper bound value of one 𝐿  
has been defined as follows  

𝐿 (𝑦, 𝑦) =  
1 −  𝐿 (𝑔, 𝑑)

𝑀𝑎𝑥 𝐷𝑒𝑝𝑡ℎ
 

The second loss term 𝐿  is the L1 loss calculated over the 
image gradient of the depth image: 

𝐿 (𝑔, 𝑑)  =  
1

𝑛
 ∇ (𝑒 )  +  ∇ (𝑒 ) 

Where 𝛻𝑥(𝑒 ) denotes the spatial derivative of the difference 
of ground truth and predicted depth for pth pixel 𝑒  which 
stands for (||𝑔  −  𝑑 ||) for the x-axis. The gradient of the 
depth maps has been obtained by the Sobel Filter and is 
sensitive to both x and y-axis. Though the gradient loss works 
well for strong edges it fails to penalise the small structural 
error like high-frequency undulation of a surface. 
Lastly, to overcome the small structural errors, we used the 
𝐿  the loss which estimates the normal to the surface 
of the predicted depth map. The surface normal of the ground-
truth and the predicted depth has been denoted as 𝑛  ≡

 [−𝛻 (𝑔 ), −𝛻 (𝑔 ), 1]   and 𝑛  ≡  [−𝛻 (𝑑 ), −𝛻 (𝑑 ), 1]  
and the loss has been calculated as the difference between the 
two surfaces normal: 

𝐿  =  
1

𝑛
 (1 −  

〈𝑛  , 𝑛 〉

|| 𝑛  || . || 𝑛  ||
 ) 

Where 〈 .  , . 〉 denotes the inner product of the vectors. 
Additionally, as the loss term is larger where the ground truth 
depths are bigger, we used the reciprocal of the depth [X, X]. If 
the ground truth depth is yorig we defined the target depth as 

𝑦 =  
 

 . 

We set the values of the weights 𝑤 , 𝑤 , 𝑤 , 𝑤  as 0.1, 0.1, 1 
respectively. 

C. Accuracy Measures: 

To evaluate the result a commonly accepted evaluation 
method has been used with five evaluation indicators: Root 
Mean Square Error (RMSE), log Root Mean Square Error 
(RMSE (log)), Absolute Relative difference (AbsRel), and 
Square Relative error (SqRel), Accuracies. These are 
formulated as follows: 

o RMSE = 
| |

Σ ∈ |𝑑 −  𝑔 |  

o Average Log10 Error =  
| |

Σ ∈ |𝑙𝑜𝑔(𝑑 ) −

𝑙𝑜𝑔(𝑔 )|  

o Abs Rel = 
| |

Σ ∈
| |
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TABLE. 1.  RESULTS OF THE DEPTH ESTIMATION MODELS, SIMPLY U-NET, DENSEDEPTH [32] WITH VARIOUS BASE MODELS. FC 
REFERS TO THE FACIAL CROP WHICH MEANS THE ERRORS ARE ESTIMATED ONLY ON THE FACIAL REGION. 

No. Methods AbsRel SqRel RMSE RMSElog 1.25   21.25   
31.25   

1. DenseDepth-161 [32] 0.0312 0.0121 0.0610 0.0169 0.9854 0.9876 0.9902 

2. DenseDepth-121 [32] 0.0320 0.0132 0.0712 0.0180 0.9732 0.9803 0.9880 

3. DenseDepth-169 [32] 0.0296 0.0096 0.0373 0.0129 0.9890 0.9920 0.9981 

4. DenseDepth-201 [32] 0.0375 0.0097 0.0304 0.0101 0.9920 0.9956 0.9969 

5 ResNet-101 [33] 0.0123 0.0210 0.0306 0.0089 0.9938 0.9965 0.9980 

6 ResNet-50 [33] 0.0232 0.0219 0.0445 0.0186 0.9919 0.9974 0.9984 

7 EfficientNet-B0 [34] 0.0145 0.0280 0.0360 0.0154 0.9912 0.9934 0.9978 

8 EfficientNet-B7 [34] 0.0132 0.0234 0.0353 0.0144 0.9880 0.9909 0.9965 

9 UNet-simple 0.0103 0.0207 0.0281 0.0089 0.9960 0.9976 0.9987 

10 UNet-simple (FC) 0.0098 0.0096 0.0143 0.0043 0.9982 0.9992 0.9996 

11 DenseDepth (FC)-169 [32] 0.0110 0.0074 0.0161 0.0034 0.9981 0.9990 0.9992 

12 ResNet (FC)-101 [32]  0.0132 0.0077 0.0170 0.0035 0.9980 0.9990 0.9992 

13 EfficientNet (FC)-B7 [34] 0.0112 0.0076 0.0166 0.0032 0.9887 0.9945 0.9989 
a. Results of the monocular depth estimation.

o Sq Rel = 
| |

Σ ∈
| |

 

o Accuracies = %  o𝑓 𝑑   𝑠. 𝑡.  𝑚𝑎𝑥 = 𝛿 < 𝑡ℎ𝑟 

Where gi is the ground truth and di is the predicted depth of 
the pixel i, N denotes the total number of pixels and thr 
denotes the threshold. 

D. Experimentations 

Table. 1 shows the experimental results of the trained 
models on our datasets. Also, the depth has been masked 
within a certain range of 50 centimetres from the camera to 
evaluate the results only on the facial region of the images. 
We also used our synthetic human facial dataset and retrained 
state-of-the-art monocular depth estimation method [30] 
which is constructed on the encoder-decoder network with 
skip connections. A pre-trained DenseNet-169 [31] is used in 
the encoder, while in the decoder, a basic block of CNNs 
layers concatenated by a bilinear upsampling layer is used. 
Table. 1, presents the results.  
       The encoder is replaced with several models while the 
decoder settings are unchanged. We tested with the technique 
using the synthetic human facial depth dataset, and provide 
the results in table 1.  

       In Table 1, the results of the simple U-Net based 
networks archive the best performance compared to the other 
networks on our generated synthetic human facial depth 
dataset. We study this as a result of the comparatively lower 
variance of the synthetic dataset as the models are only 
trained on a simple static background that leads to low-
performance with big networks such as Dense Net, Res Net 
and efficient Net in this experiment. Also, we noted that the 
simple U-Net network-based encoder-decoder model holds 

less than half the number of parameters and shows about two 
times faster compared to the other networks. 

E. Implementations 

        We trained the network using the PyTorch. For training 
the model, we use adam optimizer for 20 epochs with 0.001 
learning rate and batch size 6 on an NVIDIA 1080ti GPUs for 
all experiments. Fig. 14. Show the visual comparison of the 
methods presented in Table 1. 

 
Fig. 14. An example of the qualitative comparison of methods. From left 
to right: Input, Ground Truth, U-Net, DenseDepth, ResNet and 
EfficientNet images. 

V. CONCLUSION 

         In this article, we present a method to generate synthetic 
facial depth dataset. The presented technique has a potational 
to create a large dataset of fake human facial images with 
ground depth information. The created synthetic human facial 
images can be used in many applications including 3D 
environments that will allow simulating real-life problems. 
Deep learning-based monocular depth estimation models are 
trained on the created facial dataset to validate the initial 
experiments that will further be extended to CT based 
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application with the focus on robotics, 3D reconstruction, 
beautification, autonomous vehicles, natural face modelling 
and augmented reality. 
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