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Cas-FNE: Cascaded Face Normal Estimation

Meng Wang 7, Jiawan Zhang

Xiaojie Guo

Abstract—Capturing high-fidelity normals from single face
images plays a core role in numerous computer vision and graph-
ics applications. Though significant progress has been made in
recent years, how to effectively and efficiently explore normal pri-
ors remains challenging. Most existing approaches depend on the
development of intricate network architectures and complex cal-
culations for in-the-wild face images. To overcome the above
issue, we propose a simple yet effective cascaded neural network,
called Cas-FNE, which progressively boosts the quality of pre-
dicted normals with marginal model parameters and computa-
tional cost. Meanwhile, it can mitigate the imbalance issue
between training data and real-world face images due to the pro-
gressive refinement mechanism, and thus boost the generaliza-
tion ability of the model. Specifically, in the training phase, our
model relies solely on a small amount of labeled data. The earlier
prediction serves as guidance for following refinement. In addi-
tion, our shared-parameter cascaded block employs a recurrent
mechanism, allowing it to be applied multiple times for optimiza-
tion without increasing network parameters. Quantitative and
qualitative evaluations on benchmark datasets are conducted to
show that our Cas-FNE can faithfully maintain facial details and
reveal its superiority over state-of-the-art methods. The code is
available at https://github.com/AutoHDR/CasFNE.git.

Index Terms— Cascaded learning, face normal, progressive refine-
ment, shared-parameter.

I. INTRODUCTION

ECONSTRUCTING 3D surfaces is one of the most fun-

damental and important tasks in computer vision and
graphics. Recently, deep learning-based methods [1]-[4] have
significantly enhanced the quality of reconstructing 3D facial
geometries from images captured under diverse conditions,
achieving an immersive experience in VR/AR demands. How-
ever, most of these methods have trouble in capturing fine
details such as beards and wrinkles on the face. Compared to
3D geometry information, face normals [5]—[10] also encode
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3D surface details, therefore being more informative. In this
paper, we propose a method to recover high-fidelity face nor-
mal from single images captured in unconstrained environ-
ments.

Unlike general normal estimation, which requires a full
interpretation of all items within a scene [11]-[13], face nor-
mal estimation focuses on high-quality reconstruction of facial
geometric details, such as subtle wrinkles and contours around
the eyes, nose and mouth. As a fundamental problem in com-
puter vision and graphics, face normal estimation has been
extensively studied with numerous applications, like face edit-
ing [14], [15], face relighting [8], [16], [17], and face anima-
tion [18], [19], to name just a few. However, predicting face
normals from single (in-the-wild) images poses a significant
challenge, primarily due to the scarcity of a substantial
amount of labeled data. Collecting such data is expensive in
practice, while on the other hand, the models often suffer from
unsatisfactory generalization ability to in-the-wild cases
because to the uneven distribution of data between training
and testing. Therefore, it is essential to develop effective tech-
niques that improve the performance of face normal estima-
tion and improve their generalization capability using limited
labeled data.

To address the need for labeled data, Trigeorgis and Snape
[20] trained a model on a synthetic dataset. However, this
approach does not consider the distribution gap between the
training data and real-world data. To depress the issue of dis-
tribution inconsistency, Sengupta et al. [21] trained a model
using synthetic data to generate pseudo-labels for real face
images. Then, the synthetic and pseudo-labeled pairs are fed
into the network to address the problem of inconsistent data
distribution. But, in this manner, the ability to capture high-
frequency details may be limited in order to encompass the
full range of variations in real-world scenarios. For instance,
facial expressions, poses, and complex backgrounds are often
not fully represented. As a result, the performance of the
model trained on synthetic data is highly likely to degrade
when applied to images in real-world scenarios. Recently, in
order to enhance performance on natural/in-the-wild scenes,
Abrevaya et al. [10] adopted a combination of labeled and
unlabeled in-the-wild images and approached the task as an
image translation problem. However, accurately extracting
facial structural features and normal features from both
labeled and in-the-wild images necessitates the careful design
of a sophisticated network architecture. In addition, their
method produces normal maps that lack high-frequency
details.

Despite the progress, existing methods still face model
degradation due to the lack of a large number of high-preci-
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sion face normal datasets for recovering high-quality, fine-
grained face normals. This predicament arises from the lack of
comprehensive, high-precision face normal datasets. Although
Wang et al. [9] introduced a coarse-to-fine approach that
employs exemplar-based learning for generating high-quality
normals with a small amount of labeled data, it is important to
note that the normal priors used during training are derived
from secondary sources. These prior beliefs may introduce
noise originating from the initial stage, resulting in potential
inaccuracies in the second learning stage. Such discrepancies
may lead to the accumulation of errors and, as a result, hinder
the overall performance of the model. This could potentially
compromise the precision and reliability of the final predic-
tions.

In this paper, we present a cascaded method to recover face
normal with “high-fidelity”, which indicates preserving facial
detail and accuracy with little artifact. The incorporation of
chunking-based human learning theory [22], which has ins-
pired a cascaded decoupled encoding and decoding strategy
for face normal estimation, aims to repeatedly refine the esti-
mating process. This approach allows for iterative refinement,
effectively reducing the potential for error. Simultaneously,
our cascaded model offers the opportunity to reduce the heavy
reliance on large training data through iterative optimization
techniques. The proposed cascaded face normal estimation
network (Cas-FNE) systematically enhances the accuracy of
normal prediction stage-by-stage without increasing the num-
ber of model parameters. Please see Fig. 1 for examples.

Input

t=0

t=2

Fig. 1. Predicted normals at different cascaded stages (¢) for samples from
the CelebA dataset [23].

Our approach differs from previous methods in several
ways. Firstly, we use a shared-parameter cascaded block that
can be iteratively refined on specific features, leading to more
rational training than single-stage architectures used in prior
works. Secondly, our method employs a progressive refine-
ment pipeline that introduces face structure features into nor-
mal branches at each stage. The learned normal features from
previous stages are embedded and fed to subsequent stages for
further refinement. Incorporating previous knowledge into
model training makes it easier to extract robust features,
which improves the model’s refining capacity. The robust fea-
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tures improve the model’s generalization capabilities while
reducing model degradation caused by disparities in the distri-
bution of training and testing data. Third, unlike previous
methods, “CM” [10] with elaborate network designs and “HF”
[9] with substantial computational overhead, our approach is
distinguished by simplicity, low computational costs, and can
be trained in an end-to-end manner. The major contributions
of this work can be summarized as follows.

1) Inspired by chunking-based human learning theory, we
propose a face normal estimation approach with cascaded
decoupled encoding and decoding manner that can iteratively
refine face normals, thereby enhancing the overall representa-
tion and generalization ability on in-the-wild face images.

2) Analogous to human step-wise cognitive learning, we
design a shared-parameter cascaded block to efficiently and
effectively learn features/patterns from different priors,
thereby mitigating the reliance of large-scale data.

3) Our model demonstrates superiority compared to other
state-of-the-art methods in different metrics, including accu-
racy, generalization ability, and computational efficiency, par-
ticularly when dealing with images containing intricate facial
details.

II. RELATED WORK

1) Data-Driven Based Normal Estimation: Benefiting from
the success of CNNs, deep learning-based methods [1], [2],
[9]-[11], [24] have revolutionized the field of normal estima-
tion by providing more flexible and adaptable solutions that
are less dependent on handcrafted priors. For instance, Shu
et al. [14] develop an end-to-end network that can deduce a
face-specific disentangled representation of intrinsic face
components, such as normal. However, the smooth constraint
of 3DMM normal utilized in Shu ez al. [14] lead to results that
are deficient in high-frequency details. To recover high-fre-
quency normals, Trigeorgis et al. [20], Sengupta et al. [21]
have started generating a large amount of synthetic data for
model training. The trained models can capture the complex
variations in real-world images, leading to improved perfor-
mance in normal recovering from a single image. However,
the performance of these models may be suboptimal when
applied to real-world scenarios because of the distribution dis-
crepancy between the synthetic and real data.

Recently, Abrevaya et al. [10] designed a network that
transfer facial features between the image and normal domains
to produce face normals. However, their architecture requires
an elaborate design to achieve better results. Wang et al. [9],
inspired by exemplar-based learning, considered normal esti-
mation as a two-stage problem to generate fine-grained nor-
mals. Nevertheless, this two-stage training approach may not
efficiently capture the underlying data distribution or extract
relevant features for prediction. In contrast, our proposed cas-
caded model incorporates a strategic utilization of knowledge
accumulated from previous stages in an end-to-end learning
framework, which can facilitate the gradual refinement of face
normal prediction.

2) Shape-From-Shading: Shape-from-shading (SFS) [25] is
a technique that aims to recover the 3D shape from a gradual
variation of shading in the image. To solve this ill-posed prob-
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lem, many methods [26]—[30] assume images captured under
a Lambertian model to solve 3D shape. For example, Wang
et al. [26] propose a 3D spherical harmonic morphable model
that can incorporate an integration of spherical harmonics into
the morphable model framework to estimate lighting, shape
and albedo. Xiong et al. [30] recover the local shape of a sur-
face from its shading pattern based on the idea that the local
shape of a surface can be represented as a combination of
basis functions. To solve ill-posed problem, all these methods
make assumptions to simplify. However, it is important to
note that these assumptions may not always hold in the uncon-
strained case, where the real-world conditions may vary
widely.

Recent works [31]—[34] have made significant advance-
ments in recovering facial shape, which effectively enhance
the realism of synthesized faces. However, these methods,
although focusing on improving the overall fidelity of face
synthesis, predominantly overlook the subtle yet critical
aspects of facial geometry. Moreover, [1], [3], [4] concen-
trates on restoring 3D facial avatars, wherein facial expres-
sion is more desired. In contrast, our approach simultaneously
takes care of recovering facial shape and high-frequency
details.

3) Cascaded Networks: Cascaded networks are a prominent
strategy that has been widely applied to improve performance
in various vision tasks, such as face recognition [35]-[37],
face detection [38]-[40], face expression editing [41], face
generation [42] and image semantic segmentation [43]—[47].
For example, Xue et al. [37] proposed a cascaded network for
video facial expression recognition based on prior classified
face emotions. Wu et al. [41] successfully combined the
advantages of GANs and cascaded models to enhance the
accuracy of facial expression editing. Chen et al. [42] devel-
oped a cascade talking face video generating strategy, which
used facial landmarks as intermediary high-level representa-
tions to bridge the gap between two different modalities. Ding
et al. [47] introduced a cascaded network for instance segmen-
tation, which leveraged previous shape features to iteratively
enhance the bounding box detection in the current stage. How-
ever, their architectures are not weight-sharing, leading to an
expansion in the model’s parameter space and a redundancy in
feature representation. In contrast, we propose a shared-
parameters cascaded face normal estimation network, learn-
ing normal prior from previous prediction to enhance subse-
quent refinement. Furthermore, the cascaded manner con-
tributes to improve performance while also achieving a signif-
icant reduction in model parameters, without compromising
performance.

III. METHOD

A. Problem Analysis

Face normal estimation aims to predict the face normal N
from the input face image /. In a deep-learning manner, the
problem aims to construct a network Ny that can effectively
generate N = Ng(I). From the perspective of maximizing a
posterior (MAP), the training objective can be generally writ-
ten as follows:
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where N, represents the ground-truth normal, ®(N) stands
for the regularizer on the estimation, and W(Ng (1), Ng;) desig-
nates the fidelity measurement.

Typically, optimizing (1) is a complex and non-convex task.
An intuitive approach to address this issue is to construct a
relatively deep network. Inspired by the framework of
majorization minimization (MM) [48], [49], an effective tech-
nique for solving complex optimization problems, we can
cope with the target problem in a similar fashion. The funda-
mental idea is to successively minimize an easy-to-tackle sur-
rogate associated with the current estimate. Consequently,
given an estimate at the ¢-th stage Ny, the problem of (1) can
be modified as

ngn\P(N@(l),Ng,) +O(Ne(D))

T
min > W(Na(.Rp), Ner) + DNo(1. K)) @)
=0

where T is a pre-defined total stage/step number. Moreover,
Ny shall be a (much) smaller network compared to Ng, per-
forming like the surrogate in MM. Please notice that N takes
the original image together with the estimation from the previ-
ous stage as input, and is expected to dynamically adjust
according to different intermediate estimates N,. The above
analysis motivates us to construct a cascaded network to
accomplish the task. Each step is in nature conceptualized as a
sub-module of the network. The subsequent section will detail
our proposed network.

B. Network Architecture

Fig. 2 illustrates the overall framework of our cascaded net-
work structure for face normal estimation. The model consists
of multiple cascaded blocks, each refining the estimated nor-
mals based on the early predictions. Specifically, the early
prediction is encoded into normal feature, and the feature is
combined with the structure features in a cascaded manner to
achieve progressive refinement of the normal estimations.
This iterative process allows the model to enhance the accu-
racy and capture fine-grained details of the face normals at
each stage. As a result, our model produces more accurate and
realistic estimations of the face normals. The cascaded net-
work structure enables the model to effectively learn from
limited data and generalize well to unseen face images, mak-
ing it a powerful and effective approach for face normal esti-
mation.

1) Cascaded Block: Our CasNet consists of cascaded blocks
that can be used to the refinement at different stages. To vali-
date the primary claim, we choose a U-shaped network as the
base due to its simplicity and efficiency. In Fig. 2, a shared-
parameter cascaded block houses a pair of interconnected sub-
networks, denoted as E., and D,,, respectively. These sub-
networks share parameters, but perform distinct yet synergis-
tic functions in the process of estimating normals. Specifi-
cally, E., assumes the role of encoding normal features, while
D, is responsible for the important task of refining the nor-
mal estimation. The normal features z extracted from the pre-
viously predicted normal by E., are seamlessly integrated
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Fig. 2. The framework of our Cas-FNE can produce face normals through the refinement of multiple cascaded stages. The initial predictions are encoded

using normal features and then combined with the structure features to further normal refinement.

with the structural features acquired through encoding by the
network component Ey. The fusion features are then sent to
D, for further refinement. The entire process can be repre-
sented as follows:

R, = DL (CAT[D/,(CAT(z, E)), E; 1) (3)
where 7 represents the number of cascaded refinement, z sig-
nifies the normal features encoded by E,, E;_] denotes the
facial structure extracted at the (5 - j)-th layer, with j rang-
ing from 1 to 4. Meanwhile, D/, corresponds to the j-th layer
of the cascaded normal decoder. The normal features
extracted by E., in each stage provide valuable prior knowl-
edge for predicting D, in the subsequent stage. This iterative
refinement not only guides the model towards improved
results but also streamlines the model training, leading to
enhanced model performance.

2) Initial Block: Instead of optimizing the problem from a
random starting point, we aim to establish a robust initializa-
tion for the cascaded network. For this purpose, a suitable
foundation for subsequent refinement is obtained via an ini-
tial block (cascaded stage ¢ = 0). In this work, we utilize a pre-
trained ResNet18 [50] on the ImageNet [51] as the initializa-
tion. This operation ensures a favorable warm start for the
procedure and accelerates model convergence. Specifically, in
our approach, the initial block consists of two sub-networks,
as shown in Fig. 2: E; aims to learn the face structure fea-
tures, while D, aims to learn normal priors based on these
structure features. E utilizes the encoder from the pre-trained
ResNet18 and divides it into five multi-scale feature blocks
E'f (i ranges from 1 to 5). Additionally, D, is created using
five deconvolution layers followed by a convolution layer.
The multi-scale structure features E} are propagated to D,
through a skip-connection. The initial normal Ny for further
refinement as follows:

R = Con(Di; (CAT(D}(E}). E3 ™)) “4)

where EJSr and E;_i are the features extracted by Ey and D, at
layer 5 and (5—i). Dif! and D!, are the layers of the normal
decoder D, at i+1 and i, i starts from 1 to 5. CAT repre-
sents the concatenation operation. Con represents as a 1x 1
convolutional layer to combine these recovered features using
a nonlinear mapping, which helps capture higher-level fea-
tures and improves the generalization.

C. Loss Function

1) Reconstruction Loss (¥): Similarly to other face normal
estimation tasks, we propose the utilization of a reconstruc-
tion loss function, which is defined as follows:

t
Lrec = ZCOSLOSS(N,,Ng,) (5)
0

where N, is a unit vector, representing the ground truth nor-
mal, N, is a unit vector regarded as predicted normal. 7 repre-
sents the number of cascaded refinement utilized in our
model, and ¢ (0 <) is an integer that indicates the current
stage of normal refinement. The CosLoss function calculates
the cosine similarity loss between the predicted N; and the
ground truth Ng;.

2) Total-Variation (TV) Loss (®): To enhance the predicted
normal quality, we utilize TV loss [52] to eliminate noise and
artifacts, while retaining crucial details and structures. The TV
loss is defined as

1 ¢ N
L= 70, DIV ey 2+05)| ©)
0 xy

where M denotes the pixels on the 7 and (Ny(x,y)/2+0.5) is
used to convert the normal range from —1 to 1 to the range of
0 to 1, V represents the gradient of the predicted normal at
each pixel (x,y), and ||-||; denotes the gradient magnitude.

3) Adversarial Loss (®): To improve the accuracy of pre-
dicted normals and align the distribution with the ground
truth, we incorporate an adversarial loss [53] into our model.
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The purpose of incorporating the adversarial loss is to
improve the quality and realism of the predicted normal maps,
resulting in more precise and visually appealing outcomes.
The adversarial loss is represented as follows:

t
Lasy = ) Daan (W) ()
0

where D,q, is the discriminator, N; represents the predicted
normal by the cascaded network, where 0 <.
In summary, the overall loss function is defined as

-Etotal = ArecLrec + /ladv-cadv + Ay Ly (8)

where Ao, Ay and A,qy are the weight of the normal recon-
struction term, perceptual term and adversarial term.

IV. EXPERIMENTS

A. Datasets

The Photoface [54] is a widely utilized collection of facial
images that captures four faces under different lighting condi-
tions. This dataset can utilize the photometric stereo method-
ology to produce face normals, which are a valuable resource
for face analysis, including face normal estimation [9], [10].
According to the setting [9], [10], [20], [21], we randomly
split approximately 80% of the data for training and used the
remaining data for testing.

In order to show that the proposed Cas-FNE can produce
generic face normals, we show the results of Cas-FNE per-
formed on five face datasets. There are 300-W [55], CelebA
[23], FFHQ [56], Florence [57] and ICT-3DRFE [58]. 300-W
is a face image dataset that contains 300 indoor images and
300 outdoor images captured in the wild. CelebA is a large-
scale real-face dataset with diverse images covering various
poses and background variations. FFHQ is a face image
dataset that contains a wide range of ages and ethnicity. Flo-
rence is a face 3D-models dataset that produces face normals
that can be used to evaluate the generalizability of Cas-FNE
on unseen face images. Following [9], we also relight faces
under new light conditions after predicting face normals on
ICT-3DRFE to demonstrate the accuracy of our Cas-FNE.

B. Evaluations

Following [9], [10], we also employ the mean angular error
between the predicted normals and the ground truth normals.
Additionally, we consider the percentage of pixels within the
facial region that exhibit angular errors less than 20°, 25°, and
30° as additional evaluation metrics for face normal estima-
tion. For qualitative comparisons, we introduce geometric
shading and normal error maps. These visualizations help to
understand the quality of the estimated normals and provide
insights into the performance of the model. Furthermore, to
assess the realism of normal estimation on the ICT-3DRFE
[58] dataset, we re-render the faces with predicted normals
under new illuminations, enabling a comprehensive compari-
son of the results.

C. Implementation Details

We implemented our framework in PyTorch [59] with a
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learning rate of 10™*, and use Adam [60] as our optimizer
with default parameters. The Cas-FNE is trained about 500 K
on a single 2080Ti GPU, using a batch size of 8. Following
previous method [10], cropped face with a size of 256 X256
are used for our training and testing. To balance training time
and model computational complexity, we use two cascaded
steps (¢ = 2) in our paper.

The hyperparameters A =1, Auqy =0.0001 and Ay =
0.002 were determined through a systematic grid search
approach over the parameter space. This method allows us to
explore a range of parameter values to identify the optimal set
that yields the possible best performance. The process evalu-
ates different combinations of A values to balance the recon-
struction loss, adversarial loss, and total variation loss.

D. Comparison

We compare the predicted normals from different cascaded
stages, as shown in Figs. 3 and 4. The results on out-of-train-
ing data distribution in Fig. 3 and the error map in Fig. 4 high-
light the gradual refinement of the estimated normals of our
method. Furthermore, the results on out-of-training data pro-
vides evidence of the strong performance of our method on
data beyond the training set. The one-stage trained model’s
capacity for generalization is constrained by the distribution
gap existing between the training data and real-world data.
This limitation can result in artifacts or loss of high-frequency
details at =0 (as shown in Fig. 3). Following several itera-
tive refinements facilitated by our cascaded block, the Cas-
FNE model demonstrates its capability to consistently gener-
ate high-fidelity face normals. More specifically, r=1 can
remove a significant number of artifacts with one cascaded

Fig. 3.
previously unseen data from the FFHQ [56] at stage ¢ = 3. From left to right,

Progressively refinement normal results and rendered shadings on

it is evident that the estimated outgoing normals show a progressive improve-
ment. “S-£” represents the rendered shading at the current stage 7.

EEEEE ¢
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1
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e

A

Err. 2

Fig. 4.
Photoface [54]. “GT” and “Err. #” represent the ground truth and error maps at

Progressively refinement normal results and their error maps on the

the current cascaded stage 7.
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RAFaRe-N

Input CM-N

Fig. 5.
dicted normal and rendered shading, respectively.

Input

Fig. 6.
tively.

block; however, the results are not entirely satisfactory. By
adding another cascaded block, it is possible to refine the esti-
mation of normals and enhance their level of detail, ulti-
mately leading to a desirable outcome, as demonstrated at
t=2. In Fig. 3, we present our performance on out-of-distri-
bution data at = 3. The artifacts are gradually eliminated as
the number of cascaded block increases. This improvement is
also evident from the last 5 rows of Table I.

Figs. 5 and 6 provide compelling evidence of the excep-
tional performance of our method on in-the-wild face images.
As shown in Fig. 5, “RAFaRe-N” [61] demonstrates profi-
ciency in face normal recovery; however, it suffers from a
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HF-N

Ours-S

HF-S Ours-S

Normals comparison with the state-of-the-art method “RAFaRe” [61], “CM” [10] and “HF” [9] on the CelebA dataset [23]. “-N”” and “-S” are the pre-

HF-S

Ours-S

Visual comparison with the state-of-the-art method “HF” on the FFHQ dataset. “-N”” and “-S” are the predicted normal and rendered shading, respec-

limitation in preserving details. “CM-N” [10] preserves cer-
tain facial details, but it has a generally smooth appearance
and cannot generate accurate shading maps (“CM-S”) under
specific lighting. While “HF-S” [9] and “Ours-S” can accu-
rately depict the light direction. “HF-N” is capable of recover-
ing certain geometric details, but it faces difficulties when
dealing with significant changes in gradients, such as areas
like beards and corners of the eyes. They still have room for
improvement when it comes to recovering details. Our pro-
posed method achieves superior performance by effectively
capturing subtle facial details, as demonstrated by “Our-N”
and “Ours-S”. This comparison aims to verify the generaliza-
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TABLE 1

COMPARISON IN NORMAL RECONSTRUCTION ERROR ON
PHOTOFACE DATASET WITH DIFFERENT SETTINGS

Exp. Mean + std <20° <25° <30°
CARN 15.89+9.54 73.48% 84.98% 91.55%
CBE 14.63+8.56 79.89% 89.53% 94.48 %
BNN 11.79+8.91 86.08% 93.81% 96.04%
Res 10.49+7.46 90.15% 95.32% 97.51%
Rec 9.23+£7.67 92.68% 95.78% 97.25%
Rect+adv 8.91+7.33 92.99% 96.14% 97.87%
Rect+tv 8.70+7.12 93.48% 96.58% 98.02%
AdaIN 8.89+7.69 92.39% 95.66% 97.26%
FMM 8.63+6.82 92.12% 95.64% 97.22%
t=0 10.21 £7.75 90.03% 94.92 % 97.21 %
t=1 8.02 £6.17 95.31% 97.80 % 98.41 %
t=2/Ours 7.31+5.92 96.26 % 98.17% 99.01%
t=3 7.28 £5.87 96.29% 98.21 % 99.04 %
=4 7.25 £5.76 96.31% 98.22% 99.05 %
t=5 7.24 £5.78 96.32% 98.25% 99.07 %

tion ability of our model when dealing with data that is differ-
ent from the training dataset. From the figure, it is evident that
both “HF” and our method outperform “CM” in recovering
geometric details of the human face. The normal maps gener-
ated by “CM” exhibit incorrect lighting effects when ren-
dered with specific lighting conditions, while the normal maps
produced by “HF” and our method display more accurate
lighting effects. Moreover, when compared to “HF”, our
method is able to effectively reduce artifacts, particularly
around the nose area (as indicated by the red box in the
figure). “HF” often exhibits artifacts in this region, while our
proposed method successfully mitigates these artifacts, result-
ing in a more visually pleasing and accurate representation of
the facial structure.

In Fig. 6, different lighting angles are provided to observe
the detailed geometry of the face. Both our method and “HF”
[9] are capable of recovering some details, as shown in the
image below the dashed line. However, above the dashed line,
the performance of “HF” appears to be degraded and does not
perform well. On the other hand, our method can still recover
fine-grained normals. In comparison to “HF”, our method can
recover normals and capture finer facial details, which signifi-
cantly improves the quality on geometry shading.

In Fig. 7, we present a comparative analysis between our
method and “HF” [9] regarding normals, shadings, and relit
faces. The relit faces are presented under different lighting to
better observe the details of the geometry. The shadings on the
left of the dashed line indicate that both ours and “HF” can
successfully restore fine details. However, when it comes to
re-rendering faces under different light, “HF” tends to smooth
out due to the loss of high-frequency details resulting in a less
realistic. In contrast, our approach preserves high-frequency
details more effectively and generates more realistic relit
faces. On the right side of the dashed line, the presence of
“HF” results in artifacts that ultimately impact the authentic-
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Fig. 7. Comparisons in normals, shadings and relit faces on the ICT-

3DREFE (best viewed by zooming in).

ity of relit faces under specific lighting conditions.

In addition, Fig. 8 provides a qualitative comparison
between our proposed method and “HF” [9], conducted on the
Photoface dataset [54]. Upon a thorough examination of the
recovered normals and error maps produced by both methods,
a discernible contrast emerges. “HF” exhibits a propensity for
generating smoother normals, primarily attributable to inaccu-
racies in its estimation process. Although “HF” can capture
certain details, it falls short of achieving the desired level of
accuracy in normal recovery. In contrast, our method demon-
strates a significant advantage over “HF” in terms of accuracy,
as corroborated by the normal error maps. These error maps
clearly indicate that our approach excels in recovering highly
detailed normals with superior accuracy, thereby yielding
results that are both more realistic and visually appealing. This
constitutes compelling evidence of the discernible advance-
ment achieved by our methods beyond those of “HF”.

Ours-N HF-N Ours-E HF-E

Input GT

Fig. 8.

“GT”, “-N”, and “-E” are ground truths, predicted normals, error maps,

Normal and error maps comparisons on the Photoface dataset [54].

respectively.

In Table II, we compared the quantitative results of our
refinement normals with those obtained by other methods,
including “RAFaRe” [61], “HF” [9], “LAP” [62], “CM” [10],
“PRN” [63], “SfSNet” [21], “Marr Rev” [64], “NiW” [20] and
“UberNet” [65], “3DDFA” [66]. We evaluate these methods
based on mean angular errors (in degrees) and percentage of
errors below <20°, <25° and < 30°. The methods located
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TABLEII

NORMAL RECONSTRUCTION ERROR COMPARISONS ON
THE PHOTOFACE DATASET [54]

Method Mean =+ std <20° <25° <30°
SfSNet 25.5+9.3 43.6% 57.5% 68.7%
PRN 24.8+6.8 43.1% 57.4% 69.4%
CM 22.8+6.5 49.0% 62.9% 74.1%
RAFaRe 243184 45.6% 58.2% 71.2%
UberNet 29.1£11.5 30.8% 36.5% 55.2%
Niw 22.0+6.3 36.6% 59.8% 79.6%
Marr Rev 28.3+10.1 31.8% 36.5% 44.4%
SfSNet-ft 12.8+5.4 83.7% 90.8% 94.5%
CM-ft 12.0+5.3 85.2% 92.0% 95.6%
LAP 12.3+4.5 84.9% 92.4% 96.3%
HF 11.3£7.7 88.6 % 94.4 % 97.2 %
Ours 7.31+£5.92 96.26 % 98.17% 99.01%

above the horizontal line indicate that the model was not
trained using the data situated in that region. The others were
trained on the Photoface [54]. “SfSNet-ft” and “CM-ft” were
fine-tuned on the Photoface. The lower Mean+std error is
better, while a higher is better for the percentage of correct
pixels at various thresholds. In contrast to the state-of-the-art
methods, our proposed method exhibits superior performance.
“RAFaRe” incorporates pseudo-training data into the training;
however, the weak generalization ability results in a decline in
performance when faced with novel data. This comparison
underscores that our model has strong generalization ability.

To evaluate the performance in the context of downstream
task called normal enhance geometric, which ensures that the
recovered 3D face has high fidelity details. We compare the
mesh results presented in Fig. 9. Specifically, we examined
the normal mapping over the same base mesh, which is
obtained using “PRN” [63] for all of our method “Ours+
PRN”, “HF” [9] “HF+PRN”, and “CM” [10] “CM+PRN".
Our approach demonstrates the ability to recover significantly
more refined details and enhance the base mesh effectively, as
highlighted in the red rectangular box in the figure. In com-
parison to normal enhancement meshes, our method offers a
substantial improvement in detail recovery. Furthermore, we
compare our method against geometric approaches such as
“HRN” [2], “SMIRK” [1], “EMOCA” [3], and “DECA” [4].
Unlike these methods, our approach does not introduce unnec-
essary additional noise. As observed by other authors, “HRN”
excels at recovering intricate details in regions with signifi-
cant gradient variations but tends to introduce noise in
smoother regions of the face, compromising the overall visual
quality. Conversely, “HF+PRN” maintains noise-free smooth
regions, thus preserving the visual integrity of these areas.
However, it introduces noise in regions with large gradient
variations, negatively impacting the accuracy and quality of
detail recovery in these more complex areas. The downstream
task of normal improvement geometry demonstrates the
capacity of our approach to recover details while reducing
noise, resulting in high-quality mesh enhancement.

Following previous works [9], [10], we also generate face
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normals from Florence [57] to evaluate the performance on
the out-of-distribution face images. The results are presented
in Table III, indicating that our proposed method achieves
superior values for both mean angular error and percentage
under < 20°, <25°, and < 30° degrees. These findings under-
score the effectiveness of our approach in handling out-of-dis-
tribution data, which is critical for real-world applications
where input images vary widely from the training data.

We conducted a comparative analysis of computational effi-
ciency between our method and two existing approaches,
namely, “CM” [10] and “HF” [9]. The results, as summarized
in Table IV, unequivocally highlight the advantages of our
approach. Specifically, “Ours” exhibits superior performance
in terms of model parameters and FLOPs, signifying its effi-
ciency. Furthermore, “Ours” outperforms both “HF” and
“CM” in terms of accuracy, as evident from Tables I[I-IV. It is
noteworthy that “Ours” not only reduces model parameters
but also significantly simplifies the model while concurrently
enhancing the accuracy of normal estimation, thus affirming
its efficiency and effectiveness.

V. ABLATION STUDY

1) Cascaded Block Number: We conducted performance
testing Cas-FNE with varying values of ¢ ranging from 1 to 5,
respectively. In Figs. 1 and 4, Tables I and IV, the perfor-
mance of our model consistently improves with the addition
of cascade blocks. In addition, we show the results with ¢ =2,
t=3, t=4, and =5 cascaded blocks in Figs. 10—13 and
Table I, respectively. These figures and the table illustrate the
effectiveness of our cascaded network structure in handling
out-of-distribution data and show how the performance
improves as the number of cascaded refinement increases.
However, the improvement becomes less significant when
more than ¢ = 3 cascade blocks are added, possibly due to lim-
itations in the parameters. To strike a balance between train-
ing time and performance, we employ 7 =2 in our paper. This
configuration offers a good balance between model perfor-
mance and computational efficiency on unseen data.

2) Architecture: We conducted comparative evaluations
with several baseline methods on the CelebA [23], including
the cascaded model “CARN” [67], “CBE” [68], “BNN” [69],
and transformer-based “Restormer” [70], as shown in Fig. 14
and Table I. The model utilizing these networks demonstrates
satisfactory performance on the test dataset, as shown in the
table. However, model degradation occurs when applied
to data that is not included in the training set, as shown in
Fig. 14. While “Restormer” can recover normals that appear
to be true, their normal directions are not entirely accurate, as
shown in the rendered shadings (“Res-S” and “Ours-S”). In
contrast, our results accurately depict the lighting effect under
directional light. To ensure efficient feature utilization and
avoid redundancy in the cascaded architecture, we directly
propagate the features extracted in the previous stage to the
subsequent stages. This strategy not only reduces the number
of model parameters but also preserves model accuracy.

3) Loss Term: In Fig. 15 and the first two rows of Table I,
we show the quantitative and qualitative results of our net-
work trained only with reconstruction loss (“Rec”), with
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SMIRK EMOCA DECA

Geometric comparisons as a downstream task of normal estimation with the state-of-the-art methods in the FFHQ dataset [56]. Where “Ours+PRN”,

“HF+PRN”, and “CM+PRN” are the results of normal enhanced geometry based on “PRN”, and the results of the dashed box produced by facial geometry
reconstruction methods, “HRN” [2], “PRN” [63], “SMIRK” [1], ZEMOCA” [3] and "DECA” [4]. Given the scarcity of face normal estimation, we compare our
normal enhanced geometric to 3D face methods. The enhanced geometric shows that our normal can preserve high-fidelity details.

TABLE III

NORMAL RECONSTRUCTION ERROR COMPARISONS ON THE
FLORENCE DATASET [57]

Method Mean =+ std <20° <25° <30°
SfSNet 18.7+3.2 63.1% 77.2% 86.7%
3DDFA 14323 79.7% 87.3% 91.8%
PRN 14.1£2.2 79.9% 88.2% 92.9%
CM 11.3+1.5 89.3% 94.6% 96.9%
HF 10.1+3.4 92.3% 95.6% 97.8%
RAFaRe 14.0+2.1 80.1% 88.5% 93.1%
Ours 7.24+2.1 96.54% 98.23% 99.1%
TABLE IV

COMPARISON IN FLOPS, PARAMETERS AND RUNTIME ON DIFFER-
ENT CASCADED STAGES TESTED ON 256 x 256 IMAGE SIZE

Exp. FLOPs Parameters Runtime
CM 49 G 352M 33 ms
HF 234G 126.4 M 79 ms
AdaIN 258G 293 M 12 ms
FMM 358G 36.8 M 14 ms
t=1 142G 229M 11 ms
t =2/Ours/CAT 202G 293 M 12 ms
t=3 262G 293 M 12 ms
t=4 322G 293 M 13 ms
t=5 382G 293 M 13 ms

reconstruction loss and adversarial loss (“Rect+adv”), with
reconstruction loss and TV loss (“Rec+tv”’) and our full
model. Table I shows that “Rec” performs well on the test
dataset but performs poorly on the out-of-distribution data. On
the other hand, “Rec+adv”, the quantitative performance on
the test dataset is not as good as “Rec”; nevertheless, the per-
formance is better on the out-of-distinct data. However, when
applied to out-of-distribution data, the “Rec+adv” shows cer-
tain artifacts, as shown in Fig. 15. While “Rec+tv” effectively
mitigates the presence of artifacts, it results in a concomitant

EI¥EE
S FE
LIRS mn nom
UEEE- -
t=1 t=2 S0 S-1

Input t=0

™
S-2

Fig. 10.
previously unseen data from the FFHQ [56] at stage ¢ = 2. The “S-#” denotes
the rendered shading at the current stage ¢, providing a more favorable per-

Progressively refinement normal results and rendered shadings on

spective for discerning intricate details by analyzing changes in shading
(please zoom in for details).

Fig. 11.
data from the FFHQ [56] at stage ¢ = 3. The shadings proves advantageous

Progressively refinement normals and rendered shadings on unseen

for discerning intricate details.

reduction of high-frequency details within the reconstructed
normals. In contrast, “Ours”, while scoring lower quantita-
tively than the others, successfully reduces artifacts and
improves the visual quality of normal on out-of-distribution
data, resulting in better model generalization. Our shadings
show that our model effectively recovers high-frequency and
retains details.

4) Feature Fusion Strategy: We compare the feature fusion
strategy in Fig. 16, Tables I and IV. In Fig. 16, the feature
modulation module [71] (“FFM”) produces artifacts that may
negatively affect both the accuracy and visual quality of out-
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Fig. 12.
previously unseen data from the FFHQ [56] at stage ¢ =4. It is evident that

Progressively refinement normal results and rendered shadings on

the details in the face normal maps improve progressively.

Fig. 13.
previously unseen data from the FFHQ [56] at stage t = 5.

CARN-N CBE-N BNN-N Res-N

Progressively refinement normal results and rendered shadings on

Res-S

Input Ours-N  Ours-S

Fig. 14.
work structures on the out-distribution data.

Comparative evaluation of model performance with different net-

™ ™ ™ ™

Input Rec Rec + adv Rec + tv Ours

Fig. 15.
mance with different loss terms.

Normal and shading comparative evaluation of model perfor-

put. The AdalN [72] appears to generate a more realistic nor-
mal. When the shading is rendered with different lighting,
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Fig. 16.
mance with different feature fusion strategies.

Normal and shading comparative evaluation of model perfor-

artifacts become visible in the shading (“AdaIN-S”). This may
emerge as a consequence of the imperative to modify features
simultaneously, thus impacting their individual performance.

VI. CONCLUDING REMARKS

In this paper, we have introduced a novel framework for
face normal estimation called Cas-FNE. Our approach is
based on an encoder-decoder structure with a shared-parame-
ter cascaded block that can progressively refine the predicted
face normal with fewer parameters. Specifically, Cas-FNE
converts the previous prediction into normal prior, and then
the prior is leveraged to generate outcomes of heightened
accuracy by means of an iterative refinement process facili-
tated by the cascade block. Importantly, our method does not
require increasing the network depth or parameter amount to
improve the performance compared to existing methods.
Extensive experiments have demonstrated that our approach
outperforms state-of-the-art methods. However, like most
existing methods, Cas-FNE has limitations when dealing with
faces under extreme lighting conditions (a), occlusion (b), and
low-quality images (c) as shown in Fig. 17. Therefore, future
work should focus on developing advanced versions of our
framework that can effectively address these challenging

.

(b) ©

Fig. 17.  Failure cases with extreme lighting: (a) Occluded; (b) Low-quality;
(c) Faces on the 300-W [55].
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