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ABSTRACT
Face normal estimation is a crucial step in the development of
3D facial applications, particularly for face modeling and re-
lighting. U-shaped networks are widely used for the task and
have witnessed remarkable success. However, CNN-based
methods often suffer from unsatisfied generalization ability
to out-of-distribution/unseen data, because they do not ade-
quately model long-range dependencies. To address this lim-
itation, Transformer-based approaches have been developed,
which benefit from the global self-attention mechanism. Nev-
ertheless, merely using them to learn face normal may lead
to limited localization abilities due to insufficient low-level
details. In this work, we customize a hybrid model called
FNFormer that combines Transformer and CNN to achieve
accurate face normal estimation. The proposed model en-
codes tokenized image patches from CNN feature maps as
input to extract global context features using Transformer
blocks. Additionally, it extracts detailed local spatial informa-
tion from a U-shaped CNN. Both the CNN and Transformer
features are then integrated for further learning, enabling the
network to take both the local and global information into
account effectively. Extensive experimental results demon-
strate that our proposed FNFormer achieves state-of-the-art
performance on various datasets. Our code is available at
https://github.com/AutoHDR/FNFormer.

Index Terms— Face normal estimation, hybrid model,
CNN, Transformer

1. INTRODUCTION

Face normal estimation aims to reconstruct 3D face from the
given face images. It has attracted more attention in recent
years as it has shown promising potential in downstream tasks
such as face relighting [1, 2, 3] and face editing [4]. Since the
groundbreaking work of [5], CNNs have dominated face nor-
mal estimation. A standard CNN model for this task follows
an encoder-decoder architecture, where the encoder learns
feature representations and the decoder predicts these features
at a pixel level. Among these two components, feature rep-
resentation learning (i.e., the encoder) is arguably the most
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Fig. 1: Comparisons with ‘HFFNE’ [7] on normals and shad-
ings generated with different lights on the FFHQ [8].

important, which enhances the representation of features by
designing different network structures [5, 3, 6, 7].

Although face normal estimation has made considerable
improvements, current CNN-based models continue to grap-
ple with certain limitations: 1). Elaborate network archi-
tectures: These models often resort to intricate and meticu-
lously crafted network structures in order to enhance the ca-
pacity of model features and overall performance. 2). Data
requirements for generalization: To bolster the model’s gen-
eralization capabilities, a substantial volume of training data
is required, underscoring the significance of extensive dataset
availability. 3). Local Region focus: The convolutional nature
of CNNs confines their ability to address only local regions
within an image, thereby limiting their efficiency in modeling
long-range dependencies. These challenges point towards the
need for further research and innovation in the field of face
normal estimation to address these limitations and propel the
progress in this domain.

In response to these challenges, we embarked on a fur-
ther exploration of the potential utility of transformers within
the context of face normal estimation. However, our inves-
tigation revealed that employing transformers to encode to-
kenized image patches and subsequently upsampling hidden
feature representations directly into dense outputs at full res-



olution yielded unsatisfactory outcomes. This was primar-
ily attributed to the inherent nature of transformers, which
treat inputs as 1D sequences and focus exclusively on captur-
ing global context. Consequently, the resultant low-resolution
features lacked the nuanced localization information essential
for accurate face normal estimation.

To harness the benefits of both the long-range dependency
capability inherent in transformers and the localized spatial
representation prowess of CNNs, we introduce FNFormer as
a pioneering transformer-based framework tailored for face
normal estimation. Our framework pioneers the incorporation
of attention mechanisms rooted in the transformer architec-
ture, facilitating the fusion of these two powerful paradigms.
Recognizing the challenges posed by transformers in pre-
serving local relationships, we devise a novel hybrid CNN-
Transformer architecture. This innovative design effectively
amalgamates the intricate and fine-grained spatial information
encapsulated within CNN features with the expansive global
context adeptly captured by transformers.

To mitigate the challenge of lost local relations in
transformer-based methods, we implement a U-shaped ar-
chitecture to recover the self-attentive features derived from
transformers. This strategic fusion culminates in the precise
localization of spatial attributes, enriching the quality of face
normal estimation( as shown in Fig 1).

The main contributions of this paper are as follows:

• We propose a hybrid framework that combines CNN
and Transformer for face normal estimation. This ap-
proach involves extracting and fusing both global and
local features and establishing long-range dependen-
cies, resulting in improving model performance and
bringing strong generalization capabilities.

• Experimental results on different datasets demonstrate
that our model achieves state-of-the-art results with bet-
ter performance compared to previous methods.

2. RELATED WORK

Face shape estimation. Recent researchers have underscored
the heightened efficacy of CNNs in addressing and resolving
this intricate problem [6]. Some researchers [5, 9] employ
the generation of synthetic paired data utilizing the 3DMM
to facilitate the training of their networks for predicting real-
world facial shapes. Nevertheless, neglecting to account for
the disparity between synthetic and real data can lead to a
decline in the performance of models.

Recently, to bridge the gap between synthetic and real
data, Sengupta et al.[3] combined both types of data - real and
synthetic to train their model. Abrevaya et al.[6] developed a
network that utilizes deactivatable skip connections, allowing
for the use of both paired and unpaired data. To avoid the
gap, Wang et al.[7] proposed a two-stage framework with the
exemplar-based learning to produce high-quality face normal.
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Fig. 2: The whole framework of FNFormer, which contains
three parts: a CNN encoder Ef , a Transformer encoder Et

and a hybird decoder Dn. These modules are consecutively
applied to the input image, thereby facilitating the extraction
of pertinent features to produce high-fidelity face normal.

While these methods can enhance face normal to some extent,
they are not effective on face details.
Vision transformers. Recently, ViT, introduced by Doso-
vitskiy et al.[10], allowed for the application of transformer
models to image recognition. This approach motivated re-
searchers to explore the use of transformers in low-level vi-
sion tasks [11, 10]. Combining CNNs with different forms
of transformers has shown promising results in various tasks,
such as image restoration [12] and semantic segmentation
[13]. For instance, Wang et al.[13] proposed Uformer, a gen-
eral U-shaped transformer for image restoration. The success
of the transformer motivated us to explore a pure transformer-
based model for face normal estimation.
Combining CNNs with attention mechanisms. Combining
CNNs with attention mechanisms is to enhance the perfor-
mance of CNNs in vision tasks. Attention mechanisms en-
able the network to learn more distinctive features, thereby
improving its accuracy. Several research works [14, 15] have
proposed different techniques for combining CNNs with at-
tention mechanisms. For example, Chen et al.[16] proposed
a Transformer-based model that uses masked attention for
universal image segmentation. Deng et al.[17] developed
a transformer-based style transfer framework that generates
stylization results with well-preserved structures and details
of the input content image. Inspired by these methods, we
design a hybrid CNN-Transformer architecture to learn the
characteristics of paired data for face normal estimation.

3. METHOD

3.1. Network Structure

CNN-based face features encoding. In Figure 2, we ini-
tiate the process by extracting local facial features using a
CNN encoder denoted as Ef , which leverages a pretrained
ResNet18 [18]. This strategy enables us to harness the ben-
efits of transfer learning, saving valuable time and computa-
tional resources that would have been otherwise required for
training from scratch. Given an input image I ∈ RH×W×C ,



we direct it through the CNN encoder module to generate
multi-scale feature maps across five distinct layers, denoted
as {Ei

f}5i=1. As a result, the feature map E1
f has a spatial

dimension of H
2 ×

W
2 , while E5

f spans H
32 ×

W
32 .

Transformer-based encoder. As previously discussed, the
CNN is primarily tailored for local feature extraction, with
a focus on capturing fine-grained details within limited re-
gions of the input image. However, this localized approach
may inadvertently overlook essential aspects crucial for high-
quality face normal restoration, such as the global facial struc-
ture and the overall distribution of normals across the face.
In response to this inherent limitation, we introduce a trans-
former block specifically to collectively capture long-range
image relations, thereby aiming to enhance the model’s com-
prehension of the broader global context. This inspiration for
incorporating transformer-based mechanisms arises from the
remarkable success of transformers in various image analysis
tasks. To achieve this objective, we employ the Transformer
block(TransBlock), inspired by the work in [12], to construct
a transformer encoder, effectively capturing the critical long-
range dependency features within the face images.

To achieve this goal, we commence by conduct-
ing an overlapped image patch embedding opera-
tion(OverlapPatchEmbed) on the input image, employing
a 3x3 convolution operation. Subsequently, we integrate
three consecutive transformer-based modules to extract
long-range dependent features. Each transformer module
consists of three TransBlocks, positioned immediately after
the downsampling process applied to the extracted features.
This operation results in the final size of the extracted feature
E3

t being reduced to one eighth of the original image size,
ensuring a suitable balance between computational efficiency
and the preservation of crucial global facial context.
Hybrid normal decoder. The FNFormer model synergisti-
cally harnesses the robust feature extraction capabilities of
both a CNN encoder and a transformer encoder to capture
a comprehensive range of features from the input data. This
dual-source feature extraction process serves as the founda-
tion for a series of meticulously orchestrated operations, cul-
minating in the precise prediction of facial normals.

At the outset, the local features extracted by the CNN en-
coder undergo a dedicated decoding process. As the network
advances, a critical point is reached, where the size of the fea-
ture map becomes one-eighth of the original dimensions. It is
at this juncture that a pivotal operation takes place: the fusion
of the global features obtained from the transformer encoder
represented as F = Con[E3

t ,E
3
f ,D

2
n]. Con is meticulously

executed through the concatenation operation, strategically
positioned to complement and enrich the local features. By
integrating global context alongside local details, this fusion
step provides the model with a broader and more holistic per-
spective. Subsequent to the fusion of these enriched features,
the combined feature set F undergoes a pivotal final decoding
stage, leading to the generation of the ultimate high-quality

face normal estimation denoted as N̂ .

3.2. Loss Function

Reconstruction Loss. Following a methodology akin to that
of [5], our approach aims to enhance the precision of the gen-
erated face normal distribution. To achieve this, we employ
the cosine loss to evaluate the discrepancy as follows:

Lrecon = CosineLoss
(
N̂ ,Ngt

)
, (1)

where N̂ and Ngt are the predicted normal and the ground
truth normal, respectively.
Adversarial Loss. To capture fine details, using only the co-
sine loss results in low-frequency normal. Therefore, we in-
corporate an adversarial loss that can effectively capture high-
frequency details of normal. The adversarial loss is given by:

Ladv = Dadv(N̂), (2)

where Dadv(·) refers to the normal discriminator used to de-
termine the authenticity of the predicted normal.
Total Variation Loss. To preserve normal structures and pro-
duce sharper geometry, we employ a total variation(TV) loss
to impose spatial smoothness and reduce the presence of noise
or artifacts in the generated normal while preserving face ge-
ometry details. The TV loss is formulated as:

LTV =
∑
p,q

(||N̄(p, q + 1)− N̄(p, q)||2

+||N̄(p+ 1, q)− N̄(p, q)||2)/(W ×H),

(3)

where (p, q) denotes the horizontal and vertical coordinates of
the normal’s values, W and H denote the resolution sizes of
the predicted normal maps, N̄(p, q) = (N̂/2+0.5) represents
the pixel value of the predicted normal in image space, and
‖ · ‖2 means the L2 norm, respectively.

Therefore, FNFormer is optimized by minimizing the fol-
lowing overall objective function:

Lotal = Lrecon + λadvLadv + λtvLTV , (4)

where λtv and λadv indicate the trade-off parameters for the
reconstruction loss and the adversarial loss, respectively.

4. EXPERIMENTS AND RESULTS

4.1. Experiments

Datasets. In our experiments, we use Photoface [19] dataset
for our training and evaluate the model validity on 300-
W [20], FFHQ [8], Florence [21] and ICT-3DRFE [22]
datasets. Following [6, 7], we randomly choose 80% of the
images from Photoface for training purposes, while the re-
maining 20% are reserved for quantitative evaluation.
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Fig. 3: Normal error comparisons on the Photoface [19].
‘CM-E’, ‘HFFNE-E’, and ‘Ours-E’ are the ‘CM’ [6],
‘HFFNE’ [7] and our error maps, respectively. The color dark
blue indicates a smaller estimation error, while the color red
indicates a larger estimation error.
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Fig. 4: Normals comparisons on the FFHQ [8]. Compared to
‘HFFNE’ [7], ours can recover more precise face normals.

Implementation Details. We implement our FNFormer us-
ing the PyTorch framework. Meanwhile, we optimize our
model by Adam and set β1 = 0.9 and β2 = 0.99. The initial
learning rate is set to 1 × 10−4. For FNFormer , we em-
pirically set λtv = 0.001 and λadv = 0.0001. We also use
Adam to optimize our FNFormer. Our FNFormer is trained
on an NVIDIA GTX 3060 GPU with a batch size of 8 and 200
epochs. We adopt the transformer block from Restormer [12]
as the fundamental unit for constructing our Transformer-
based encoder. Each TransBlock comprises two transformer
blocks and two attention heads.
Evaluation Metrics. To evaluate the accuracy of our normal
estimation results, we follow previous methods [5, 3, 6, 7]
and use two objective metrics: mean and standard deviation
angular error between the estimated normal and the ground
truth (MSDAE), as well as the percentage of pixels within
facial regions with an angular error (PPAE) less than 20◦, 25◦,
and 30◦. Furthermore, we utilize geometric shading and a
normal error map for qualitative comparisons.
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Fig. 5: Comparisons between normals, shadings, and relit
faces on the ICT-3DRFE [22]. We focused on magnifying
the normal and shading maps of their respective regions to
show ours recover more precise normals than ‘HFFNE’ [7].

Table 1: Normal reconstruction error on the Photoface [19].
The data comes from ‘HFFNE’ [7], The methods listed in the
upper half of the table are tested without training on the data.

Method Mean ± std < 20◦ < 25◦ < 30◦

Pix2V 33.9±5.6 24.8% 36.1% 47.6%
Extreme 27.0±6.4 37.8% 51.9% 64.5%
3DMM 26.3±10.2 4.3% 56.1% 89.4%
3DDFA 26.0±7.2 40.6% 54.6% 66.4%
SfSNet 25.5±9.3 43.6% 57.5% 68.7%
PRN 24.8±6.8 43.1% 57.4% 69.4%
Cross-modal 22.8±6.5 49.0% 62.9% 74.1%

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%
Cross-modal-ft 12.0±5.3 85.2% 92.0% 95.6%
LAP 12.3±4.5 84.9% 92.4% 96.3%
HFFNE 11.3±7.7 88.6 % 94.4 % 97.2 %
Ours 7.7±5.7 95.6 % 97.9 % 99.1 %

4.2. Comparison with SOTA methods

In Table 1, we compare the performance of the proposed FN-
Former with several SOTA face normal estimation methods
on the Photoface dataset [19]. The table demonstrates that our
method yields significantly smaller MSDAE and PPAE values
compared to previous methods. Additionally, we show the
normal error maps comparison with ‘HFFNE’ [7], in Fig. 3. It
is evident that our normal maps exhibit superior performance
in the majority of areas with wrinkles and significant geomet-
ric changes on the face. This is consistent with the notion that
our FNFomer has both local and global learning abilities for
normal prediction. ‘HFFNE’ are capable of accurately esti-
mating normals in areas where the face geometry with slower
rates of change. However, in regions where sudden changes,
such as around the eyes, corners of the mouth, and wrinkles,
‘HFFNE’ may provide inaccurate estimates. Nonetheless, our
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Fig. 6: Results on the FFHQ [8] with different networks.
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Fig. 7: Results on the ICT-3DRFE [22] with different loss.

approach can effectively handle these challenging situations.
In Fig. 4, our method produces much higher quality face

normals than previous methods. When it comes to recovering
detail in face normals, ‘CM’ [6] can generate some level of
detail but struggles with certain face images, while ‘HFFNE’
[7] surpass the previous method ‘CM’ in terms of normal de-
tail recovery. The figure shows that the ‘HFFNE’ and ‘CM’
methods do not perform well in the eye crease region, result-
ing in a loss of high-fidelity geometric detail, referring to the
area highlighted by the red rectangle in Fig. 4. In contrast,
both of them sacrifice high-frequency details, while ours can
recover finer-grained normals with better accuracy.

In Fig. 5, we present the comparison by rendering new
light faces under the Lambertian reflectance model [23].
Compared to the previous method ‘HFFNE’ [7], our face nor-
mal estimation approach is superior in preserving more facial
details while accurately estimating normal directions. More-
over, our method can produce high-quality face normals to
render realistic relit faces under new lighting conditions. The
shading maps demonstrate that our method preserves sharper
details in areas with high levels of detail, such as the corners
of the mouth. Furthermore, the relit faces exhibit a more au-
thentic appearance in contrast to ‘HFFNE’, which generates
artifacts. Please zoom in to see the details more clearly.

To ensure that our model performs well beyond the train-
ing data, we generate paired face with normal from the Flo-
rence [21]. We then use our model to predict normal maps and

Table 2: Normal reconstruction error on the unseen faces
generated from the Florence [21].

Method Mean ± std < 20◦ < 25◦ < 30◦

Extreme 19.2±2.2 64.7% 51.9% 64.5%
SfSNet 18.7±3.2 63.1% 77.2% 86.7%
3DDFA 14.3±2.3 79.7% 87.3% 91.8%

PRN 14.1±2.2 79.9% 88.2% 92.9%
Cross-modal 11.3±1.5 89.3% 94.6% 96.9%

HFFNE 10.1±3.4 92.3% 95.6% 97.8%

Ours 7.2±3.0 96.2% 98.0% 99.1%

Table 3: Normal reconstruction error on different experiment
settings from the Photoface [19].

Method Mean ± std < 20◦ < 25◦ < 30◦

CNN 7.8±5.6 95.1% 97.5% 98.6%
Restormer 8.7±6.6 93.9% 96.9% 98.3%

w Lrecon 7.9±5.9 96.0% 98.4% 99.0%
w/o LTV 8.6±7.4 93.2% 96.5% 98.1%
w/o Ladv 9.1±7.1 92.5% 96.3% 98.1%

compared them with those produced through the 3D model.
The results are presented in Table 2, which clearly demon-
strates that our model has a strong generalization capability
and performs exceptionally well on previously unseen data.

In Fig. 1, we generate shadings with varying lighting con-
ditions by rendering the estimated normal maps from 4 dif-
ferent angles of light. The results between ours and ‘HFFNE’
[7] reveals that our approach preserves fine-grained geomet-
ric of the face, especially in regions where facial geometry
varies significantly such as beards and wrinkles. In contrast,
‘HFFNE’ produces less accurate normal maps with a loss of
high-frequency details. Furthermore, while the normal maps
estimated by ‘HFFNE’ retain their detail under certain angu-
lar light, the shading maps produced under different angles of
lighting contain artifacts and exhibit less realistic, as shown in
the second row of the figure where ‘HFFNE’ generates shad-
ing maps with artifacts that are not present in ours. Thus,
highlighting the precision and accuracy of FNFormer.

5. ABLATION STUDIES

Ablation of network architectures. To demonstrate the effi-
cacy of FNFormer, we trained two models: a U-shaped CNN
[24] and a vision transformer network using Restormer [12].
The results are in the first two rows of Table 3 and Fig. 6.
From the table and the figure, CNN modle exhibits certain ad-
vantages in quantitative metrics on the test data, but its gen-
eralization ability is weak when inferenced on unseen data.
The Restormer successfully eliminates artifacts and retains
details. Nevertheless, when rendered with different lighting,
the shading reveals inaccuracies in the predicted normals.



Ablation of loss functions. Rows 3 to 5 of Table 3 demon-
strate that the quantitative evaluation is good, regardless of the
loss function. However, without Ladv , the predicted normals
become blurred and lose high-frequency details (as shown in
rows 1 and 2 of Fig. 7). On the other hand, ‘w/o LTV ’ can
produce normals with high-frequency detail, but contain arti-
facts when rendering new relit faces (as shown in row 3 of Fig.
7) due to inaccurate normal orientation. The performance of
our full model (‘Ours’) has a generalization ability.

6. CONCLUSION

In this paper, we have proposed a novel hybrid CNN-
Transformer model for face normal estimation, which lever-
ages the strengths of both networks. Our model is capable of
generalizing well to new, unseen face images. Furthermore,
detailed qualitative and quantitative evaluations show that our
FNFormer significantly outperforms existing state-of-the-art
methods in terms of accuracy, robustness, and generalization.
The superior performance of our model is due to its ability
to preserve fine-grained details of the face while accurately
estimating the normal direction. We believe that our work
provides a promising direction for future research in the field
of face normal estimation.
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