Performance evaluation of depth estimation on facial images
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Abstract

The study of depth estimation from images leverages var-
ious datasets and models to enhance accuracy and qual-
ity. We analyze the CelebAMask-HQ dataset, known for
its high-resolution celebrity images. Additionally, we an-
alyze the Relative Human dataset, which offers diverse
multi-person images with comprehensive annotations. We
also investigate the C3I-SynFace dataset, notable for its
large-scale synthetic human faces. Our evaluation en-
compasses the Intel Dense Prediction Transformer (DPT),
TCMonoDepth, and the Depth Anything models. Em-
ploying histogram matching for depth image preprocess-
ing, we compare models using general image quality met-
rics (MSE, MAE, SSIM, LPIPS) and overall visual analy-
sis, particularly focusing on artifacts. Our results reveal
that both Intel DPT and TCMonoDepth exhibit artifacts,
whereas Depth Anything produces clearer depth images
with fewer artifacts. Remarkably, Depth Anything sur-
passes other models in all metrics on the C3I-SynFace
dataset, despite encountering challenges with noise and
detail handling in specific scenarios.

1 Introduction

Depth estimation, the process of inferring the distance of
objects from a camera or sensor in a scene, has been a
significant area of research within computer vision for
several decades. Traditional approaches to depth estima-
tion include stereo vision and structured light techniques.
Early stereo vision methods, such as the seminal work
by Marr and Poggio (1976) [1], focused on reconstruct-
ing 3D scenes from multiple images taken from different
viewpoints by matching corresponding points and calcu-
lating disparities. Similarly, structured light techniques,
explored by Besl (1988) [2] and Krotkov (1987) [3], in-
volved projecting a known pattern of light onto a scene
and analyzing the deformation of the pattern to infer depth.
These foundational methods have significantly influenced
modern advancements in depth estimation and computer
vision.

Recent years have seen the emergence of deep learning-
based approaches for depth estimation, reducing the re-
liance on specialized sensors and enabling depth predic-
tion from video samples without depth-based ground truth
maps. These models have found applications across vari-
ous domains, including robotics [4], 3D scene reconstruc-
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tion [5, 6] autonomous vehicles [7], and augmented real-
ity [8], demonstrating their versatility and potential.

The focus of this research is to identify the most ef-
fective depth estimation model for future advancements
in biometric applications, particularly within the domain
of generative models. Depth information is crucial for en-
suring the accurate and reliable performance of biometric
data generation in real-world scenarios.

In this study, we analyze several depth estimation mod-
els and evaluate their performance on three datasets. The
datasets include two collections of real-life human im-
ages and one of synthetic human faces. Our evaluation
protocol involves measuring Mean Squared Error (MSE),
Mean Absolute Error (MAE), Structural Similarity Index
Measure (SSIM), Learned Perceptual Image Patch Simi-
larity (LPIPS) and iterations per second (iter/sec), with a
specific focus on the synthetic dataset to gauge the mod-
els’ effectiveness in predicting depth from image-based
biometric data.

2 Depth estimation models

Here we provide short description of the three state-of-
the-art depth estimation models that we used in this study.

2.1 TCMonoDepth

The TCMonoDepth [9] method aims to enforce temporal
consistency without the need for sequential modules or
multi-frame processing.

The authors introduced a straightforward approach to
improve temporal consistency by learning a prior from
video data and incorporating it into existing single-image
depth estimation methods. During testing, the method
performs end-to-end inference frame by frame, achieving
stable depth estimation while maintaining high quality.

Experimental results on benchmark datasets demon-
strate superior temporal consistency compared to existing
methods, without additional computational cost. Human
subjective studies confirm the effectiveness of the pro-
posed metric in assessing visual stability. Overall, the
method offers a practical solution for video depth estima-
tion in various applications, including augmented reality
and autonomous driving.



2.2 Intel DPT

The Dense Prediction Transformer (DPT) model is a com-
puter model that learns to estimate depth from images. It
was trained using 1.4 million images and was first intro-
duced in a research paper called “Vision Transformers for
Dense Prediction” [10]. The model uses a type of neu-
ral network called a Vision Transformer (ViT) [11] as its
main structure and then adds additional layers on top to
help it estimate depth from single images. The Intel DPT
model is publicly available.

2.3 Depth Anything

Depth Anything model [12] was trained on more than 62
milion unlabeled images. Authors did the training by de-
signing automatic annotation and large scale collection
of unlabeled visual data for enlarging coverage and re-
ducing generalization error. This model ended up being
significantly better than the previously best relative MDE
model MiDaS v3.1 [13].

3 Evaluation datasets

In the following section, we briefly describe each dataset
that was used for evaluation.

3.1 CelebAMask-HQ

CelebAMask-HQ [14] is a large-scale face image dataset
containing 30,000 high-resolution images selected from
the CelebA dataset, following the CelebA-HQ standard.
Each image is annotated with segmentation masks for 19
facial attributes, including all facial components and ac-
cessories such as skin, nose, eyes, eyebrows, ears, mouth,
lips, hair, hat, eyeglasses, earrings, necklaces, neck, and
clothing. These masks were manually annotated and cor-
respond to the CelebA dataset. CelebAMask-HQ can be
used to train and evaluate algorithms for face parsing,
face recognition, and GANS for face generation and edit-
ing.

3.2 Relative Human

Relative Human dataset contains multi-person in-the-wild
RGB images with extensive human annotations, as de-
scribed in [15]. The annotations include relative depth
relationships and ordering between all individuals in the
image, age group classifications (adults, teenagers, kids,
babies), gender, bounding boxes, and 2D poses. The
dataset spans a diverse range of age groups from babies to
elderly adults, featuring various ethnicity labels, and in-
cludes real-life backgrounds such as bars, churches, liv-
ing rooms, beaches, and more.

3.3 C3I-SynFace

C3I-SynFace includes large-scale synthetic human face
dataset with its corresponding ground truth images [16].
The dataset is created using 15 female and 15 male syn-
thetic 3D human models from iClone software in FBX
format. Five facial expressions—neutral, angry, sad, happy,
and scared—are incorporated to introduce further varia-
tions. Utilizing these models, an open-source data gener-
ation pipeline in Python is developed to import them into
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(a) Reference color image (b) Ground truth depth

(c) Depth model output

(d) Inversed prediction

(e) Matched prediction (f) Preprocessed prediction

Figure 1: Reference color image and depth image from
C3I-SynFace [16] and images, generated with Depth
Anything [12] during preprocessing: with and without in-
version, and with and without histogram matching.

Blender, a 3D computer graphics tool, and render facial
images with ground truth annotations of head pose and
face depth in raw format. This framework, leveraging
virtual human models, can generate extensive synthetic
facial datasets (e.g., head pose or face depth datasets)
with high control over facial and environmental varia-
tions such as pose, illumination, and background.

4 Results

Our evaluation protocol included prediction of depth maps
on selected evaluation datasets and analysis of the ob-
tained results. Prior to model evaluation it was necessary
to perform histogram matching [17] as a preprocessing
step on predicted depth maps.

4.1 Histogram matching

Before computing the MSE, depth images had to be pre-
processed. The gray scale images were inverted and their
histograms were matched with ground truth images. The
reason for inverting the images is because the ground
truth uses the opposite ends for closeness and distances
compared to depth models and without this the histogram
matching produces unwanted results. This can be ob-
served on Figures Ic, 1d, le, 1f.



(a) Reference color image

(b) Depth Anything

[ |E—

(c) Intel DPT (d) TCMonoDepth

Figure 2: Artifacts comparison between the models. Al-
tough Depth Anything provides best overall depth predic-
tion, it sometimes introduces noisy artefacts concentrated
on intensive edge changes. Similarly, Intel DPT also pro-
duces these artefacts, which are even more visible. TC-
MonoDepth does not have this issue, although the details
of its predicted depth maps is not as high as with other
two models.

4.2 Model performance comparison

In this section, we present different aspects of our perfor-
mance analysis of depth estimation models, including the
qualitative (visual artefacts analyisis, reconstructed depth
maps comparison, preserved high frequency details com-
parison) and quantitative experiments (reconstruction er-
ror analysis is performed by computing MSE, MAE, SSIM,
and LPIPS on synthetic facial images, comparing ground
truth depth masks with reconstructed depth masks)

4.2.1 Qualitative performance analysis

Both Intel DPT and Depth Anything ended up producing
artefacts. Contrary, TCMonoDepth didn’t produced as
many on our evaluation datasets. The resulting artifacts
are illustrated in Figure 2.

Among the three models, Intel DPT ended up pro-
ducing the blurriest images. Results of TCMonoDepth
and Depth Anything are more detailed in favor of Depth
Anything. See Figure 3. The problems seem to be am-
plified on close up shots like in CelebaMask-HQ dataset
and isn’t as evident on pictures taken from afar since the
blurriness is similar between the models. Some depth im-
ages produced noise and as we can see on Figure 3, while
Depth Anything seems to produce the least amount of it
and gives visually better results.

4.2.2  Quantitative performance analysis

Despite the fact that images had more line artifacts with
Depth Anything, all the scores measured on synthetic im-
ages seem to be better compared to other models (Ta-
ble 1). We can assume that the reason for Depth Any-
thing outperforming TCMonoDepth model is that syn-
thetic images had less noise so Intel DPT model doesn’t
have that much blurry results compared to datasets of real
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Figure 3: Visual comparison of predicted results on
CelebAMask-HQ (row 1 to 4) and Relative Human (row
5 to 8) datasets. From left to right: Source RGB image,
followed by depth maps estimated with TCMonoDepth,
Intel DPT, and Depth Anything, respectively.

images. With SSIM score we can observe that all models
produced images very similar to ground truth with Depth
Anything being slightly better than the rest.

Based on the results obtained it can be seen that Depth
Anything achieved best performance in all metrics, in-
dicating the closest resemblance to ground truth depth
maps, highlighting that this model is able to estimate most
accurate depth information amongst the three techniques.
The reason for such a big difference in mean value of
MSE between TCMonoDepth and the others can be seen
in Figure 4. TCMonoDepth picked up much more back-
ground noise and with it comes increased error in MSE.
Intel DPT model performs somewhere in between the two
techniques.

The primary challenge for depth estimation algorithms
was handling image content with a high level of detail,
such as hair. Images with intricate details, particularly



Table 1: Mean Squared Error (MSE), Mean Absolute
Error (MAE), Structural Similarity Index (SSIM), and
Learned Perceptual Image Patch Similarity (LPIPS) on
C3I-SynFace.

Intel DPT Depth Anything | TCMonoDepth
MSE| 10.62 + 3.38 9.65 + 2.67 18.75 +4.36
MAE| | 37.68 £6.11 36.47 £3.72 44.39 £5.38
SSIMT | 0.95+0.017 0.96 £0.01 0.92 £0.019
LPIPS] | 0.092+0.036 | 0.064 +0.02 0.139 +0.04
iter/sect 10.5 2.8 19.2

Figure 4: Reference color image (left), ground truth depth
image (middle), and induced prediction noise (right), pro-
duced by TCMonoDepth (on C3I-SynFace dataset).

those containing high-frequency elements like pointed hair,
generated a higher number of gray pixels in depth esti-
mation compared to synthetic images, as shown in Fig-
ure 5. This issue may be less pronounced in real-world
photographs, where obtaining ground truth data for each
individual strand of hair is more difficult than for syn-
thetic images.

Figure 5: Side by side difference in high frequency image
details (especially hair) between ground truth (middle)
and Depth Anything prediction (right) on C3I-SynFace.

5 Conclusion

In this preliminary study on the general capability of depth
estimation models, we analyzed a few (real-world and
synthetic) datasets: CelebAMask-HQ, Relative Human
and C3I-SynFace. We evaluated the performance of three
depth estimation models: Intel Dense Prediction Trans-
former (Intel DPT), TCMonoDepth, and Depth Anything.

Our analysis revealed three key findings, namely: (a)
The level of artifact generation: Both the Intel DPT and
Depth Anything models produced artifacts, such as white
line edges around objects, while the TCMonoDepth model
did not produce any artifacts on the datasets tested, (b)
Depth map clarity / induced noise: The Depth Anything
model generated the clearest depth images with the least
amount of noise. However, the TCMonoDepth gener-
ated the blurriest images with significant amount of back-
ground noise, which negatively impacted its performance,
and (c) Depth Anything outpreformed all other models
in synthetic dataset-based performance metrices. In con-
clusion, Depth Anything excels in producing clearer and
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more visually appealing depth images with fewer artifacts
than Intel DPT model and shows superior performance in
all tested performance metrics on synthetic dataset. TC-
MonoDepth, though free from artifacts, suffers from sig-
nificant noise issues. The findings highlight the trade-off
between image clarity, artifact generation, and error met-
rics in depth estimation models. Our future work will
focus on applying analyzed models into the development
of privacy-preserving biometrics [18].
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