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Abstract—Three-dimensional (3-D) face recognition (FR) can
improve the usability and user-friendliness of human–machine
interaction. In general, 3-D FR can be divided into high-quality and
low-quality 3-D FR according to different interaction scenarios.
The low-quality data can be easily obtained, so its application
prospect is more extensive. However, the challenge is how to balance
the trade-offs between data accuracy and real-time performance.
To solve this problem, we propose a lightweight multiscale fusion
network (LMFNet) with a hierarchical structure based on single-
mode data for low-quality 3-D FR. First, we design a backbone
network with only five feature extraction blocks to reduce com-
putational complexity and improve the inference speed. Second,
we devise a mid-low adjacent layer with a multiscale feature fu-
sion (ML-MSFF) module to extract the facial texture and con-
tour information, and a mid-high adjacent layer with a multiscale
feature fusion (MH-MSFF) module to obtain the discriminative
information in high-level features. Then, a hierarchical multiscale
feature fusion (HMSFF) module is formed by combining these
two modules mentioned above to acquire the local information of
different scales. Finally, we enhance the expression of features by
integrating HMSFF with a global convolutional neural network
for improving recognition accuracy. Experiments on Lock3DFace,
KinectFaceDB, and IIIT-D datasets demonstrate that our proposed
LMFNet can achieve superior performance on low-quality datasets.
Furthermore, experiments on the cross-quality database based on
Bosphorus and the different intensity noise low-quality datasets
based on UMB-DB and Bosphorus show that our network is robust
and has a high generalization ability. It satisfies the real-time re-
quirement, which lays a foundation for a smooth and user-friendly
interactive experience.

Index Terms—Hierarchical structure, lightweight, low-quality
3D face recognition (FR), multiscale feature fusion (MSFF), real-
time.
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I. INTRODUCTION

THREE-DIMENSIONAL (3-D) face recognition (FR) has
attracted increasing attention recently due to the vast appli-

cation demands of human–machine interaction and security [1],
[2], [3]. The advantage of 3-D FR is that it can measure geometric
shape features of the face, which can potentially overcome the
challenges of FR in 2-D image space, such as the variation
of illumination, pose, and occlusion, and realize immersive
human–machine interaction [4]. In recent years, deep learning
technologies have effectively improved the recognition accuracy
and robustness of 3-D FR [2], [3], [5], [6]. These methods focus
on high-quality 3-D faces, which are hardly used in real-world
scenes due to hardware and massive data storage requirements,
so they are unpractical for friendly human–machine interaction.
On the contrary, low-quality 3-D face data, as shown in Fig. 1,
are easily collected using interactive sensors, such as Kinect
cameras [7], which contain RGB and depth images with facial
geometric information. As a result, 3-D FR on low-quality
databases is the focus of current research. For a better user
experience, the 3-D FR systems need to respond to user facial
information changes in real-time during the interaction process.
Therefore, the 3-D FR model recognition is required to be both
in high-precision and real-time. Existing 3-D FR networks [8],
[9], [10], [11], [12] usually learn facial features through two
subnetworks from the multimode data: depth and RGB images.
These methods can achieve a good recognition rate but come
with high computational complexity.

In the cause of solving the above problems, some researchers
adopt the single-modal methods, which can be mainly divided
into two types. One is combining the reconstruction with recog-
nition [16], [17], [18], [19], which is used to get the high-
quality image from the RGB or depth images for acquiring a
good performance. Another is based on the lightweight net-
work, which only contains four convolutional layers in the
backbone network to decrease parameters and increase the
inference speed [20]. It also designs a multiscale feature fu-
sion (MSFF) module connecting all layer features to improve
recognition accuracy. The former focuses on obtaining high
recognition rates while suffering from unsatisfactory real-time
performance. The latter can obtain a good real-time performance
but with the sacrifice of the recognition rate, especially for scenes
with poses, occlusions, and time changes in the low-quality
dataset.
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Fig. 1. 3-D face visualization images. The first row is high-quality normal
images of FRGC v2 [13]. The second row is low-quality normal images in
Lock3DFace [14], and the last row is a synthetic three-channel low-quality
image from the KinectFaceDB [15].

To balance the tradeoffs of real-time performance and recog-
nition rates, we propose a lightweight multiscale fusion network
(LMFNet) with a hierarchical structure for low-quality 3-D FR.
The proposed architecture is shown in Fig. 2. First, we process
the high-level and low-level features separately for the first
features fusion. Then, two modules are designed: the mid-low
adjacent layers with a multiscale feature fusion (ML-MSFF)
module, and the mid-high adjacent layers with a multiscale
feature fusion (MH-MSFF) module. Finally, we combine these
two modules to form a hierarchical multiscale feature fusion
(HMSFF) module, which reduces the discriminative information
interference and alleviates the loss of low-level texture and
contour features. In addition, we replace part of the convolution
layers with the structure of Inception [21], [22] in the backbone
network to obtain multiscale information, reduce parameters,
and improve real-time performance. Moreover, we preprocess
the depth images to the normal maps as the input to reduce
the feature extraction time. Experiments on three low-quality
datasets (Lock3DFace, KinectFaceDB, IIIT-D), a cross-quality
dataset composed of Bosphorus, and two different noise intensi-
ties datasets synthesized by UMB-DB and Bosphorus, show that
the proposed LMFNet can not only achieve the state-of-the-art
recognition rate, but also obtain superior generalization perfor-
mance and robustness compared with the existing single-mode
methods.

Our contributions can be summarized as follows:
1) We propose a lightweight multiscale fusion network with

a hierarchical structure for low-quality 3-D FR, which
can extract both global and multiscale local features. It
enables high recognition rates in challenging scenes, such
as those with different face poses, occlusions, and time
changes, while keeping real-time performance with an
average processing time of 0.017 s per image.

2) We design a novel HMSFF module to effectively con-
duct two fusion processes: fusion of the high-level
and low-level features, respectively; fusion of the two
processed multiscale fusion features. This enables to
learn different scales of facial features while reduc-
ing the information interference caused by feature
fusion.

3) Compared with the state-of-the-art single-modal models
for low-quality 3-D FR, the proposed model has achieved
superior performance on three challenging public low-
quality database and obtained a high recognition rate on
the cross-quality database and the different intensity noise
low-quality datasets, demonstrating its strong generaliza-
tion, robustness, and friendly interaction potential.

II. RELATED WORK

We make a concise review of the methods of low-quality 3-D
FR and some closely related works.

A. Traditional Methods

Traditional low-quality 3-D FR methods were proposed dur-
ing the early period, such as Iterative Closest Point (ICP) [14],
Discriminant Color Space (DCS) [23], Histogram of Oriented
Gradients (HOG) [24], Principal Component Analysis (PCA),
Local Binary Pattern (LBP), and Scale-Invariant Feature Trans-
form (SIFT) [15]. In recent years, Hayat et al. [25] formulated
the covariance matrix on the Riemannian manifold to represent
RGB and depth maps, which improved the performance of low-
quality 3-D FR in challenging scenes. Afterward, to improve
the recognition performance of low-quality 3-D faces under the
changes of illumination, expression, and pitch pose, Kaashki et
al. [26] used a 3-D constrained local model for modeling and
detecting facial important points.

These traditional methods have shown good performance in
some challenging scenes, such as expression and pose changes,
yet have high computational complexity. In addition, since these
methods have used small training datasets and limited facial
variation, their robustness was usually compromised.

B. Deep Learning Methods

Deep learning technologies have enabled the fast development
of many fields [27], [28], [29], [30], [31], [32]. The low-quality
3-D FR methods based on deep learning were proposed in 2016
by Lee et al. [9], which significantly enhanced the performance
of traditional methods. Chowdhury et al. [33] learned the map-
ping function between RGB and depth images through a neural
network to reconstruct the face features, which improved recog-
nition performance in long-distance uncontrolled environments.
Similarly, Cui et al. [17] adopted the cascade structure of fully
convolutional networks [34] and convolutional neural network
(CNN) for reconstructing the depth map from a single RGB
image to promote the performance of FR under unconstrained
conditions. Feng et al. [16] constructed pose-and-expression
normalized (PEN) depth images for 3-D FR under arbitrary
poses and expression changes using the reconstructed 3-D face.
Lin et al. [19] utilized a pix2pix [35] network to recover a high-
quality depth map combined with a multiquality fusion network
for alleviating the impact of noise on recognition performance.
Similarly, Mu et al. [18] devised a lightweight encoder–decoder
network for improving the quality of the single face depth map
and enhancing the recognition performance.



Fig. 2. LMFNet. (a) The entire framework comprises four parts: Backbone Network, HMSFF Module, Global CNN and Classification. The HMSFF Module
includes two modules: the ML-MSFF and MH-MSFF modules. Furthermore, the network is trained by the Softmax layer with cross-entropy loss; (b) Inception1
module is used in the MH-MSFF module to process high-level features, where h, w, and c represent height, width, and channel number, respectively; (c) SAM
module is used to calculate the attention mapping of features, where H, W, and C represent the height, width and channel number, respectively. The Concate means
connection by channel; (d) Inception2 module is used to process middle-level features in the MH-MSFF module.

All these methods mentioned above introduce a face recon-
struction model to obtain high-quality features for low-quality
3-D FR, which has enhanced the performance of various chal-
lenging scenarios. However, the robustness still needs to be
improved, especially in terms of variations in pose, occlusion,
time change, and cross-modal scenes.

To promote the generalization performance and accuracy
in more challenging scenarios, Zhang et al. [8] pointed out a
multimodal method so as to learn complementary features and

collaborative features by different modalities. Sepas et al. [36]
input RGB, disparity, and depth mappings to the VGG-16 [37]
independently and transferred the fused features to the support
vector machine (SVM) classifier for FR to improve recognition
performance in the light field scene. Jiang et al. [38] introduced
a loss of attribute perception to constrain the distributions of
the feature vectors relative to the additional attributes. Recently,
Uppal et al. [10] have put forward a multimodal FR method
that combined the attention-aware of RGB and depth images



for improving the robustness in scenes with changing lighting
and facial poses. Lin et al. [11] devised a loss for enhancing
the difference and complementarity between RGB and depth
maps improving the performance of FR in occlusion and lighting
scenes. Uppal et al. [39] proposed a depth-guided attention
mechanism for multimodal FR, which showed excellent recog-
nition performance in challenging scenes.

These above methods were based on multimodal data, achiev-
ing high accuracy for low-quality 3-D FR but with high com-
putational complexity. Therefore, there is an urgent and vast
demand for the design of a real-time lightweight network for
low-quality 3-D FR.

C. Lightweight CNN

Lightweight network, MobileNet-V2 [40], has been widely
used, but the accuracy of the pose, occlusion, and time chang-
ing scenes on low-quality 3-D FR was significantly reduced.
Recently, Neto et al. [41] utilized 3-D-LBP and Sigmoid de-
scriptors to represent the image, which was learned through a
shallow CNN for recognizing faces. Grati et al. [12] proposed
a low-quality 3-D FR method driven by multimode data, which
explored feature maps through a lightweight CNN and the Bina-
rized Statistical Image Feayures (BSIF) operator, respectively,
for identity recognition. Jiang et al. [42] designed a feature
similarity loss for guiding the lightweight network to obtain
differentiated faces, and combined the similarity loss with the
proposed pair selection strategy to facilitate training. Zhang et
al. [43] used a continuous normalized flow (CNF) module to
convert the feature distribution into flexible distribution, reduc-
ing noise’s impact on recognition. Similarly, Xiao et al. [44]
alleviated the noise by adding a soft threshold module (STM)
to the backbone network, which combined a multiscale fusion
method to improve recognition accuracy.

These methods have adopted lightweight networks for low-
quality 3-D FR, and their model complexity has been reduced
to a certain extent. However, the limitation of complexity leads
to the insufficient ability of these lightweight networks to learn
facial discriminant features, and the recognition accuracy and
real-time performance can’t be well traded off. Therefore, our
work aims to design a lightweight network with a small number
of parameters and high accuracy for low-quality 3-D FR based
on single-mode data.

III. PROPOSED NETWORK

We propose a single-modal network, LMFNet, for low-quality
3-D FR. Details will be described in this section.

A. Overview

The details of our network provided in Table I. Fig. 2 present
the framework of the proposed network, which contains four
parts. The first part is the backbone network formed by five
feature extraction blocks. The second part is an HMSFF module,
which includes two MSFF submodules. One is the ML-MSFF
for MSFF of middle and low adjacent layers. The other is the
MH-MSFF for MSFF of middle and high adjacent layers. The

TABLE I
PARAMETERS SETTING OF THE LMFNET, WHERE CONV MEANS THE

CONVOLUTIONAL AND THE CONCATE IS CONNECTION BY CHANNEL

third part is the global CNN formed by the feature extracted
from the backbone network. The last part is the classification
for obtaining the probability of each class. Our entire solution
can be formulated in (1) to represent the face

Fface = Concate (FHMSFF,FG)

FHMSFF = Concate (FML−MSFF,FMH−MSFF) (1)

where FHMSFF ∈ R1×1×768 is the hierarchical multiscale fu-
sion feature, which obtains the local information of the face
based on the feature FML−MSFF of ML-MSFF and the feature
FMH−MSFF of MH-MSFF. The Concate means connection
by channel. Then, the final face feature Fface is formed by
combining FHMSFF with global feature FG.

B. Backbone Network

In order to decrease parameters and satisfy the real-time
performance, our backbone network only contains five feature
extraction blocks, where each block involves a convolutional
layer, batch normalization (BN), and the ReLU activation func-
tion. The architecture is presented in the backbone network of
Fig. 2(a), where theL represents the low-level layer,M1,M2, and



M3 are three mid-level layers, and the H means the high-level
layer.

For more facial texture, the L layer extracts feature by the
kernel of 7× 7 receptive fields. As the network learns layer
by layer, facial details will be gradually lost, and the number
of parameters will surge. For the M3 layer, we introduce the
Inception structure [21] of Fig. 2(d). The H layer adopts the
Inception structure of asymmetric convolution [22] in Fig. 2(b)
to greatly reduce the parameters and retain more facial details.
The M2 layer is utilized for increasing the channels of features
to reduce the information bottleneck caused by the pooling
operation.

According to (2), we can learn that the parameters of our
backbone network are 59% lower than the backbone network
with five convolutional layers composed of the 3× 3 kernel,
where the parameters of the H layer are decreased by 72%,
and the M3 layers are reduced by 63%. It demonstrates that the
proposed network is lightweight and has lower computational
complexity.

Pnumber = k1 × k2 × Ci × Co (2)

where k1 × k2 is the kernel size, Ci is the input channel number,
and Co stands for the output channel number.

C. HMSFF Module

The HMSFF module proposed in this article aims to obtain
the discriminative information of the facial local region, texture,
and shape at different scales while reducing interlayer feature
interference. First, the features of L, M1, M3, and H layers are
adaptively assigned different weights by the spatial attention
module (SAM) [45] to enhance the distinctiveness of the features
of different layers. Second, the H and L layers features are fused
with their neighboring middle-layer features to generate hierar-
chical local features while reducing the interference of high-level
and low-level features. Finally, the features of ML-MSFF and
MH-MSFF are fused to obtain the hierarchical multiscale fusion
feature FHMSFF, which enhances the expression of the facial
local information. We will detail the ML-MSFF and MH-MSFF
of MSFF as follows.

1) ML-MSFF Module: The architecture of the ML-MSFF
module is illustrated in Fig. 2(a). To capture more texture and
contour details in the low-level facial features, ML-MSFF takes
a three-step strategy. First, the SAM module learns the L layer
features, as shown in Fig. 2(c), to obtain attention mappingMLS,
which is multiplied with the featureFL of theL layer to enhance
the expression of facial rigid region features. In the cause of
realizing the fusion of adjacent layer features, the enhanced
features are down-sampled to the same size as the features of the
M1 layer, and then the feature FLD

of the LD layer is obtained.
Second, FLD

is connected with feature FM1D
of M1D layer,

where SAM calculates the feature FM1
of M1 layer to obtain

the attention map FM1S
, and then FM1S

is multiplied by FM1

to obtain the FM1D
. Then, the connected features are processed

to form the fusion feature FMLD
of the MLD layer. Finally,

the FMLD
is down-sampled and convolved to obtain the final

multiscale fusion feature FML−MSFF of the mid-low adjacent
layers.

The calculation process of the ML-MSFF module can be
described as follows:

FML−MSFF = Conv8×8 (MaxPool17×17 (FMLD
))

FMLD
= Conv1×1 (Concat (FLD

,FM1D
))

FLD
= MaxPool7×7 (MLS × FL)

FM1D
= M1S × FM1

MLS = Ms (FL)

M1S = Ms (FM1
) (3)

where theConv8×8,Conv1×1, andConv7×7 are the convolution
operations. TheMaxPool17×17 andMaxPool7×7 are the max-
pooling operations. Ms stands for SAM function as (4). For
MLS, F of (4) represents the L layer feature FL. For M1S, F
of (4) stands for theM1 layer featureFM1

. TheMean represents
averaging by channel, and theMax means maxing by channel. In
addition, the FML−MSFF is FML−MSFF ∈ R1×1×CML , and the
CML stands for the number of the channels of the FML−MSFF.

Ms = sigmoid (Conv7×7 [Mean (F) ;Max (F)]) (4)

2) MH-MSFF Module: In order to obtain identity category
information in high-level features, the MH-MSFF model fuses
the feature FH of the H layer and the feature FM3

of the M3

layer, as shown in the MH-MSFF Module of Fig. 2(a).
First, theM3 andH layers features are learned by SAM, which

forms the attention mappingM3S andMHS, respectively. Then,
theM3S andMHS are multiplied with theFM3

andFH, respec-
tively; the features of the processed M3 layer are down-sampled
to the same size as the features of H layer to form M3D and
HD layers features, respectively. After, the feature FM3D

of
the M3D layer and the feature FHD

of the HD layer are fused.
The fused features are low resolution. Hence, we adopt a 3× 3
kernel instead of the 1× 1 kernel of ML-MSFF to learn and
down-sample the learned feature FMHD

. Finally, the FMHD
is

extracted to form the multiscale fusion feature FMH−MSFF of
the mid-high adjacent layers. The FMH−MSFF is calculated as:

FMH−MSFF = Conv8×8 (MaxPool3×3 (FMHD
))

FMHD
= Conv3×3 (Concate (FM3D

,FHD
))

FM3D
= MaxPool7×7 (M3S × FM3

)

FHD
= MHS × FH

M3S = Ms (FM3
)

MHS = Ms (FH) (5)

where the details of the Ms function can be found in (4). For
M3S, F represents the feature FM3

of the M3 layer, and for
MHS, F stands for the feature FH of the H layer. In addition,
the feature FMH−MSFF is FMH−MSFF ∈ R1×1×CMH , and the
CMH stands for the number of channels of the FMH−MSFF.



D. Global CNN and Classification

The proposed global CNN is firstly formed by down-sampling
the features of theH layer. And then, the convolutional layer with
the kernel of 8× 8 is used for feature extraction. The global
feature FG is calculated as (6). The global features and the
local features obtained by the HMSFF module are connected to
represent a face, which can effectively improve the performance
of low-quality 3-D FR.

FG = Conv8×8 (MaxPool3×3 (FH)) (6)

where the FG is FG ∈ R1×1×CG and the CG stands for the
number of channels of the FG.

For classification, the FG and the hierarchical multiscale
fusion feature FHMSFF are connected to form a feature of
the CML + CMH + CG channel. Then, the fused features are
calculated by the Dropout layer and a full connection (FC) layer.
Finally, the probability of each image is obtained by the softmax
activation. In addition, the value ofCML,CMH, andCG represent
the importance of FML−MSFF, FMH−MSFF, and FG in the
overall facial features, respectively.

IV. EXPERIMENT

We have conducted experiments on six datasets to evalu-
ate the performance including effectiveness, learning ability,
generalization and real-time, which validate the usability and
user-friendliness of the proposed model for human–machine
interaction.

A. Datasets

We conduct the experiments on six datasets:
Lock3DFace [14], KinectFaceDB [15], IIIT-D [24], [49],
UMB-DB [50], Bosphorus [51], [52], and FRGC v2 [13].

Lock3DFace: The Lock3DFace dataset is currently the largest
low-quality 3-D face dataset collected by the Kinect V2 camera,
composed of 5671 video sequences of 509 subjects. Each video
sequence contains 59 frames of images and is recorded in 2–3
s in the indoor environment of natural light during the day. In
addition, this dataset involves relatively comprehensive facial
changes of real life, including neutral, expression, occlusion,
pose, and time changes. Therefore, this dataset is used to evaluate
the performance of a low-quality 3-D FR model, which can
provide an effective performance reference for the usability of
FR models applied in real human–machine interaction devices.

KinectFaceDB and IIIT-D: They are low-quality 3-D face
datasets captured by Kinect V1 camera, where KinectFaceDB
contains relatively more facial changes, including neutral, ex-
pression, pose, occlusion, and time changes, while IIIT-D only
involves neutral, expression, pose, and occlusion changes. The
KinectFaceDB has six ethnicities of subjects. The ethnicity
of subjects in the IIIT-D is relatively single. However, they
have subjects of different ethnicity, and different image quality
compared with the Lock3DFace dataset. Therefore, the Kinect-
FaceDB and the IIIT-D are combined with Lock3DFace or
other datasets to evaluate our proposed low-quality 3-D FR
model, which can provide an effective performance reference

for the ability of our model to learn new faces in practical
human–machine interaction device applications.

UMB-DB, Bosphorus and FRGC v2: These are high-quality
datasets, used to synthesize low-quality datasets in our exper-
iments. UMB-DB and Bosphorus contain neutral, expression,
pose, and occlusion changes. However, UMB-DB provides more
challenging conditions for 3-D FR, containing more occlusion
types that are closer to real scenes, such as cups, mobile phones
and newspapers. FRGC v2 only contains neutral and expression
changes, but includes more images and subjects than UMB-
DB and Bosphorus, so this dataset is used for model training.
Bosphorus is applied to synthesize cross-quality datasets. In
addition, Bosphorus and UMB-DB are also used to synthesize
datasets with different noise intensities to evaluate the robustness
and generalization of our model, which can provide further
performance reference for the usability and user-friendliness of
our model in actual human–machine interaction equipment.

B. Preprocessing and Implementation Details

Preprocessing: We preprocess the low-quality 3-D faces fol-
lowing [20]. First, the 3-D point cloud is recovered from the
depth map, and the face region is segmented with the manually
marked modification point of the nose tip as the center. Second,
outliers are removed following the [53]; the 3-D point cloud
face is projected back to the depth map; and then, the deep face
is filled to 128× 128. Finally, the deep face is normalized to a
range of [0, 255], and we perform binarization and morpholog-
ical reconstruction to generate the normal face in 128× 128.

Implementation: We choose SGD as the optimizer. The initial
learning rate is 10−3, which decreases by 10% every 10 epochs.
Our network is implemented on the Pytorch platform [54] and
trained on an Nvidia GeForce RTX 2070 GPU. We have con-
ducted the performance test on a computer with a 2.20 GHz Intel
Core i7 processor, 8 GB RAM, and NVIDIA GeForce GTX 1060
Max-Q Design GPU.

C. Experiments on Lock3DFace Dataset

For the sake of demonstrating the effectiveness of the pro-
posed model, we follow the same two protocols as [20] on the
real low-quality dataset Lock3DFace in the same application
scenarios. One is the proposed model, which is trained on the
first neutral face videos of all 509 subjects and the augmented
data. And then, the model is tested by extracting six frames of
each video from the remaining videos of 509 subjects. Another
is that the original data of 340 subjects and the enhanced data
are used for model training, and the six frames from each video
of the remaining 169 subjects are used for testing. Tables II and
III present these results.

1) Results of Protocol I on Lock3DFace: As shown in Ta-
ble II, our proposed model achieves the state-of-the-art average
performance and the highest accuracy in pose and occlusion
subsets. It demonstrates that our model is effective for low-
quality 3-D FR, and can better deal with the challenges caused
by incomplete faces. Specifically, the average and occlusion
recognition rates are 1.07% and 0.33% higher than those of the



TABLE II
COMPARISON OF RECOGNITION RATE ON LOCK3DFACE DATASET BASED ON THE PROTOCOL I, WHERE NU IS NEUTRAL, FE IS THE EXPRESSION, PS MEANS POSE,

OC STANDS FOR OCCLUSION, AND TM IS TIME

TABLE III
COMPARED WITH RANK-1 RECOGNITION RATE BASED ON DEEP LEARNING METHOD ON LOCK3DFACE DATASET BASED ON PROTOCOL II

second-best [19], and the pose accuracy is improved by 1.98%
than the second-best [44].

The performance of expression subsets is marginally lower
than [43], and the time subsets’ accuracy is slightly inferior
to [44]. Zhang et al. [43] and Xiao et al. [44] dedicated to reduc-
ing the impact of noise on low-quality 3-D FR. Zhang et al. [43]
added the denoising module CNF to the high-level features
output from the Led3D [20] network, which effectively reduced
the impact of noise on the category information in the high-level
features. Xiao et al. [44] added the denoising module STM to the
low-level features to obtain more discriminative facial texture
features. However, they only focused on reducing the noise of
some feature layers while ignoring the loss of information in
feature extraction and the interference of inter-layer features in
the multiscale fusion. Thus, it resulted in insufficient learning of
texture, contour and category features of incomplete faces, and
low discrimination of local features of faces at different scales.

Our method adopts different extraction strategies for different
feature extraction layers in the backbone network and combines
the hierarchical multiscale fusion method. This design not only
reduces the loss of facial contour, texture, and category features,
but also increases the discrimination of face multiscale fusion
features. Therefore, the proposed network performs better in
occlusion, pose, and average accuracy.

2) Results of Protocol II on Lock3DFace: The comparison
of the rank-1 recognition rate with existing methods based on
deep learning is shown in Table III, including single-mode and
multimode methods. From Table III, we can draw that our
network is superior to the existing single-model method for
all subdatasets. Especially, our model with the normal image
as input has achieved greater gain on the pose, occlusion, and
time subdatasets, which is 5%, 1.46%, and 1.41% higher than
the second-best single-mode method. These results demonstrate
that our model has higher recognition rates even on unlearned



faces and is also more robust on various changes. It shows that
our model can be better applied to low-quality 3-D FR, and has
more potential to satisfy the requirements of the human–machine
interaction system for model stability.

Furthermore, we also compare our single-mode network with
the multimode methods. The overall recognition rate of our
network is even 0.19% higher than the multimode methods. In
particular, our model achieves the best recognition performance
when the pose changes, which is 8.01% higher than [39]. For
other scenarios, the recognition performance of our model is
only slightly lower than [39]. Uppal et al. [39] utilized the
depth image to build an attention map for RGB image, which
effectively guided RGB faces to learn more prominent person-
specific features in regions with small face variations. However,
they mainly adopted the features in RGB images to represent
the face, and drastically reduced the features of depth image in
face representations, resulting in the loss of geometric informa-
tion, which could effectively cope with pose and illumination
changes. Therefore, their performance is 8.01% lower than our
model on the pose subset, while the proposed model has com-
parable performance on the expression and occlusion subsets.
Our network achieves the highest total recognition rate, which
indicates that our network is more efficient and more likely to
be applied to real-world interactive devices.

Moreover, in the cause of exploring the relationship between
normal and depth features, we concatenate the depth and normal
images to form a four-channel image for feature learning, and
achieve a recognition rate of 88.01%, as shown in Table III. The
accuracy of all subsets is improved, which proves that the two
features are complementary.

D. Experiment on KinectFaceDB and IIIT-D

In the real world, 3-D face models can only learn limited
faces. For the new users in the new application scenarios, such
as unmanned retail stores and shopping mall passenger flow
analysis, the 3-D FR model still can accurately identify the new
users, which is beneficial to enhancing the users’ experience.
In order to verify the recognition ability of our model on new
faces, we construct the experiment on two different application
scenarios. One is the low-quality dataset Lock3DFace obtained
in the real world which is used to pretrain the model. Part of
the lower quality dataset KinectFaceDB is used to fine-tune,
while the remaining data is used to test the model. Another is
that we train the model with the low-quality dataset synthesized
by adding noise to the high-quality datasets, FRGC v2 and
Bosphorus (see Fig. 3). Part of the real low-quality dataset IIIT-D
is used to fine-tune, and the remaining data is used to test the
model. Tables IV and V present these results, respectively.

1) Results on KinectFaceDB: The training and testing
schemes follow the protocol of [41]. In addition, we use the
method proposed in [2], synthesizing three-channel images with
depth, azimuth, and elevation maps, to augment the data.

The recognition rate is shown in Table IV. It can be seen
that the performance of our network significantly outperforms
all existing methods on P1 and P3 subsets, which are 1.3% and
6.1% higher than [12]. The result of the P2 subset is slightly

Fig. 3. Sample of noise synthesis. The first row is the RGB images, the second
row is the high-quality images, and the third row is the generated low-quality
images. The first and second columns are from the FRGC v2 dataset, and the
last two columns are from the Bosphorus dataset.

TABLE IV
PERFORMANCE COMPARISON ON KINECTFACEDB DATASET, WHERE P1 IS A

PROBE, CONSISTS OF SEVEN VARIANTS (NEUTRAL, SMILE, ILLUMINATION,
PAPER OCCLUSION, MOUTH OCCLUSION, EYE OCCLUSION, MOUTH OPENING)

IN SESSION 2

TABLE V
COMPARED WITH THE RECOGNITION RATE ON THE IIIT-D DATASET

lower than [12]. Grati et al. [12] adopted a scale-invariant interest
point detection method to crop the face area with small shape
changes into local blocks to represent the face and used a scalable
sparse representation to match the face blocks, which effectively
alleviated the impact of expression and illumination changes
on FR. Therefore, the performance of the P2 subset with more
variations in expression and illumination is slightly higher than
ours. However, they ignore the loss of facial information caused



TABLE VI
ABLATION EXPERIMENTS ON THE HMSFF MODULE AND GLOBAL CNN ON THE LOCK3DFACE DATASET, WHERE “�” INDICATES THAT THE MODULE EXISTS

TABLE VII
ABLATION EXPERIMENT FOR BACKBONE NETWORK ON LOCK3DFACE DATASET

by occlusion and feature extraction. Our model can obtain more
discriminative facial features by using a hierarchical multiscale
fusion module. Thus, our model achieves better performance on
the subset of P1 with more occlusion variation, suggesting that
our network can better recognize incomplete faces.

2) Results on IIIT-D: The settings for training and testing
are the same as [43], and the results are presented in Table V.
Our model has achieved state-of-the-art performance, which
indicates the robust learning ability of our model.

According to the results of Tables IV and V, it can be drawn
that our network has a stronger learning ability for new users,
which shows that our network can be more potentially applied to
different scenarios, such as student-to-class application, beauty
and makeup, and intelligent medical treatment.

E. Model Analysis

There are three experiments on the Lock3DFace dataset in
this section containing ablation experiment, visual analysis, and
multiscale fusion methods to prove the effectiveness of our
network.

1) Ablation Experiments: In the cause of demonstrating the
effectiveness of each proposed module, we have conducted
two ablation experiments. One is to verify the impact of sub-
modules ML-MSFF, MH-MSFF, SAM in the HMSFF module,
and Global CNN on the recognition performance by fixing the
backbone network. Another is to analyze the impact of the key
submodules in the backbone on the recognition rate by fixing
the HMSFF module and Global CNN. Tables VI and VII are
shown these results.

Ablation Experiments I: Table VI summarize these results,
where Model A is the baseline model. Afterward, the ML-MSFF
and MH-MSFF modules are added to Model A, respectively, to
explore their roles when the SAM module exists. The results
are presented on Model B and Model C in Table VI. Com-
paring Model A, Model B, and Model C, we can draw that

the ML-MSFF module can effectively deal with the impact
of expression variations on recognition, while MH-MSFF can
enable the network to effectively deal with the pose, occlusion
and time changes.

We add ML-MSFF and MH-MSFF with the SAM module
in Model F based on Model A to explore the function of the
HMSFF module. The performance is presented in the last row
of Table VI. It shows that the HMSFF module is added to Model
A, making the whole network more robust in various changes.

In addition, we have experimented with Model D to explore
the contribution of the global CNN, and the results are shown in
the sixth line of Table VI. By comparing Model D and Model F,
we can see that the global CNN enables the network to obtain
more discriminative information, which improves the overall
performance by 6.08%. The comparison of Model A, Model D,
and Model F shows that the global CNN and HMFSS modules
can significantly improve overall performance and better cope
with various changes. Comparing Model E and Model F, we
can see that the SAM module enhances the expressiveness of
features, thereby improving the accuracy of all subsets.

Ablation Experiments II: For the backbone network, we
have conducted ablation experiments as shown in Table VII,
where M1 is the baseline model composed of four convo-
lution blocks of 3× 3; M2 is formed by replacing the first
3× 3 convolution block of M1 with the 7× 7 convolution
block. M3 is a convolution block of 3× 3 added into M2.
From Table VII, we can draw that these three modules gradu-
ally improve the overall performance, which shows that these
three modules can effectively improve the feature extrac-
tion ability of the backbone network, and reduce the loss of
features.

2) Visualization of CAMs: We use the GradCAM [58] to
illustrate the effectiveness of the proposed HMSFF. The second
row of Fig. 4 shows the GradCAM of the 3-D face normal
map when the feature formed by the backbone and global CNN



TABLE VIII
ANALYSIS OF HIERARCHICAL MULTI-SCALE FUSION METHOD ON THE LOCK3DFACE DATASET, WHERE “TIME” IS THE TIME TO PROCESS AN IMAGE, “S”

REPRESENTS SECONDS, AND “N” REPRESENTS THE NUMBER OF PARAMETERS

Fig. 4. Class activation maps of the sample on the Lock3DFace database.
The first line is the RGB images of the sample, and the other two lines are
the GradCAM images. The color bar shows the degree of attention of different
colors to the face area.

represents a face. And the third row shows the GradCAM of
our proposed network’s 3-D face normal map. According to the
color bar in Fig. 4, we can see that the information is more
important when the color is closer to the top of the color bar,
where the red range is the most important. Fig. 4 shows that
our proposed network can cover more face areas. Moreover, the
main recognition areas of the face have more red areas, such
as the mouth, eyes, and nose, demonstrating that our network
can focus on more critical facial areas obtaining abundant and
effective facial information.

3) Analysis of Multiscale Fusion Method: The above ex-
periments show that the hierarchical multiscale fusion method
has obtained better performance for low-quality 3-D FR. This
section compares six different hierarchical multiscale fusion
methods for expounding on the effectiveness of the hierarchical
multiscale fusion method we have designed.

For a fair comparison, we follow three principles: 1) contain-
ing the hierarchical multiscale fusion module and global CNN;
2) composing the hierarchical multiscale fusion module by two
submodules; 3) performing the different hierarchical multiscale
fusion methods for L, M1, M3, and H layers. Based on these
principles, these models can be divided into two categories. One
is a hierarchical multiscale fusion module, which is composed of

a submodule formed by a single layer and a submodule generated
by three layers fused, as shown in Fig. 5(a) Model 1, (b) Model
2, (c) Model 3. The other is the submodule formed by every two
layers fused, as shown in Fig. 5(d) Model 4, (e) Model 5, and
(f) Model 6 is our model.

Table VIII is presented the results of these models. It can be
seen that the performance of the three models in the first type
is worse than these models in the second type. The main reason
is that the module formed by fusing three layers produces more
interference than the module formed by merging two layers. For
the second type of methods, Model 4 adopts a two-layer fusion
method, which produces a better performance than the models
in the first type. However, it fuses the H and L layers into one
layer, resulting in much interference between the discriminative
features of the high and low layers. Hence, the performance is
the worst in the second type of methods. For Model 5, the H
and L layers are processed separately. However, the resolution
of M1 layer features is slightly low, and the fusion with the
lowest resolution H layer causes the influence of interlayer
category information. In the same way, the resolution of M3

layer features is slightly high, and fusion with the L layer of
the highest resolution produces a certain amount of interference
of detailed information, so the recognition rate of Model 5 is
unsatisfactory.

Moreover, to explore the real-time performance, we have
calculated the number of parameters of the six models in Fig. 5
and the time spent in processing an image. The results are
presented in the last two columns of Table VIII. It can be seen
that there is a small gap between the parameter number of our
model and the model with the least parameters. Nevertheless,
this gap does not affect the speed of our model. The speed of
our model is equivalent to the fastest Model 2 and Model 5.
Furthermore, the Total Rank-1 rate of our model is 6.86% and
4.46% higher than the two models, respectively. Therefore, our
model can better balance the relationship between accuracy and
real-time performance, which indicates that our model has more
potential to bring a better sense of experience to users.

F. Experiments on Cross-Quality Dataset

In practical application, the resolution of collected data may
be different due to different equipment and the instability of sub-
jects, such as the face captured in crowded shopping malls and
tourist attractions. A common setting is that the gallery is high



Fig. 5. Network structures of six hierarchical multiscale fusion methods, where MP means max-pooling, CA stands for connection by channel, DP is the dropout,
and SF is softmax. The C1, C3, and C8 are convolutions whose kernels are 1× 1, 3× 3, and 8× 8, respectively. The H-A, H-B, H-C, H-D, H-E, and H-F represent
their hierarchical multi-scale fusion modules, respectively. (f) is our model. (a) Model 1. (b) Model 2. (c) Model 3. (d) Model 4. (e) Model 5. (f) Model 6.

TABLE IX
PERFORMANCE COMPARISON ON THE CROSS-QUALITY DATASET GENERATED

BY BOSPHORUS

quality, and the probe is low quality. To verify the generalization
of our model in complex interaction scenes, we have conducted
experiments on cross-quality datasets (see Fig. 3), which are set
according to [20]. The training set is comprised of enhanced
high-quality data, generated low-quality data and synthetic vir-
tual face data from FRGC v2. The test set involves two galleries:
one is the high-quality face data from the Bosphorus, and the
other is the low-quality face data generated by the high-quality
gallery. The probe is composed of low-quality data generated by
the remaining face data from the Bosphorus.

The experimental results are expounded in Table IX, where
three widely used CNN models [37], [40], and [47] are trained
from scratch for comparison. The performance of our network is
significantly better than the four most widely used CNNs (VGG-
16, Inception-V2, MobileNet-V2, and ResNet-34). Compared
with the second-best one, PointFace [42], our recognition rates
in HL and LL are improved by 0.68% and 0.56% respectively.
It proves that our proposed network has superior generalization
in complex interaction scenarios.

Fig. 6. Samples with different noise intensities. The first and second rows
are from the Bosphorus dataset, and the last two rows are from the UMB-DB
dataset. The second to sixth columns are synthesized noise images of different
intensities. HQ represents the original high-quality image, σ2 indicates the
Gaussian additive noise with mean 0 and the variance σ2 is added to the original
data.

G. Experiments on Synthetic Low-Quality Dataset

In the real human–machine interaction scene, the quality of
the collected 3D face is usually low, which requires stronger
noise robustness in recognition. We set up experiments as fol-
lowing [43] to verify the anti-noise ability of our proposed
model. Our model is pre-trained on the Lock3DFace dataset
and fine-tuned on a low-quality dataset synthesized by adding
Gaussian noise with mean 0 and variance 16 to the FRGC
v2 dataset. During the testing, the expression subset of the
Bosphorus dataset and the nonocclusion subset of the UMB-DB
dataset are added with five different intensity Gaussian additive
noise (see Fig. 6).



Fig. 7. Hyperparameter line charts and histogram of our module on (a) Lock3DFace, (b) KinectFaceDB, and (c) cross-quality datasets, where (a), (b), and (c)
are the Rank-1 accuracy. (d) is the number of model parameters and the time takes to recognize a person. The R1, R2, R3, R4, R5, and R6 represent 96:384:512,
128:384:512, 256:384:512, 128:384:256, 128:256:256, and 128:128:128 respectively.

TABLE X
RECOGNITION RESULTS OF SYNTHESIS NOISE DATA

It can be seen from Table X that, with the increase in noise
intensity, the performance of our model is more stable than the
baseline model Led3D [20]. At the same time, the accuracy of
our model in various intensity noise is superior to the baseline,
indicating that our model is more robust to noise and beneficial
to enhancing the user’s evaluation of the usability of the model.

H. Hyperparameter Analysis

The CML, CMH, and CG are the channel numbers of the
features FML−MSFF, FMH−MSFF, and FG, which assign
the different values to them, and the recognition result will be
changed. Fig. 7(a)–(c) show the impact of these three values on
the recognition rate of Rank-1, which can be seen that our model
achieves the best performance when CML = 128, CMH = 384,
and CG = 256.

For Fig. 7(d), our model ranks third for the number of pa-
rameters and the time of recognizing one person when CML =
128, CMH = 384, and CG = 256. Although compared with
the CML = 128, CMH = 128, and CG = 128 model, our model
needs more parameters and time, yet our performance on the
three datasets far exceeds it. Compared with the model of
CML = 128, CMH = 256, and CG = 256, our model has a small
gap for the parameter amount and time, but our performance
is much better. Therefore, when CML = 128, CMH = 384, and
CG = 256, our model can achieve the best balance between
accuracy and real-time performance.

I. Model Complexity and Testing Time Analysis

The comparisons of complexity and test time are shown in
Table XI . The results of [39] and [10] are reported by Uppal
et al. [39]. Compared with [39] and [10], the number of our

TABLE XI
TEST TIME PER IMAGE AND COMPARISON OF THE NUMBER OF MODEL

PARAMETERS, WHERE TIME IS IN SECONDS AND N IS IN MILLIONS

model’s parameters is 1/8 and 1/9 of theirs, respectively, which
proves that our model is more lightweight. At the same time, the
test time of each image is 0.002 s and 0.023 s less than theirs,
respectively, which shows that the speed of our model is faster.

Compared with existing models, our model is only 0.006 s
slower in processing one image than the fastest VGG-16 model.
The main reason is that our model needs more memory access,
so it takes a slightly longer time. But the parameters of our
model are 1/4 of VGG-16, and the accuracy is about 20% higher
than VGG-16 on the cross-quality dataset. Hence, our model can
better balance the relationship between accuracy and real-time.
Meanwhile, our model is more lightweight.

Our model needs more parameters than the MobileNet-V2
model. However, our model’s single image processing time is
0.004 s faster than MobileNet-V2, and the accuracy of our model
for low-quality 3-D FR is 14.52% higher than that of this model
in the cross-quality dataset. Therefore, it also fully proves that
our model has low computational complexity and obtains high
accuracy.

V. DISCUSSION

In human–machine interaction, the balance between accuracy
and real-time is one of the main challenges in low-quality 3-D
FR systems. Most of the existing methods are committed to
promoting the recognition accuracy of the model while ignoring
the requirement for real-time processing. The proposed model
not only achieves a high recognition accuracy but also satisfies
the real-time performance, which can potentially improve the



user experience and the usability of the interactive system.
For example, in unattended retail stores, and courier stations
that send and receive packages through FR, an accurate and
efficient FR system can ensure the safety of consumers’ property
and bring consumers a convenient consumption experience. In
airports, railway stations or other security inspection scenarios,
a fast and accurate FR system can alleviate the pressure of
epidemic prevention and control. Furthermore, as can be seen
from the experimental results in Tables II and III, the recognition
performance of our model for faces of challenging scenes shows
the great potential of our model to enhance user satisfaction.
The experimental results in Tables IV and V demonstrate the
powerful learning ability of our model for the facial features
of unknown users, showing that our model has more potential
to satisfy the requirements of friendliness and applicability of
interactive systems. Experiments on Tables IX and X have
proved the excellent generalization and robustness of our model,
indicating that our model is more likely to achieve stable inter-
active recognition.

Denoising is another important challenge in interactive
scenes. For example, affected by the environment, the faces
usually contain more noises captured in scenic spots and road
intersections, which greatly affect recognition accuracy. In terms
of noise reduction, we design the SAM module to guide the
features of each layer in the HMSFF module to pay attention to
the important areas of the face to indirectly reduce the impact
of noise on the important areas of the face. The experimental
results in Table X also prove that our model is robust to noise.
However, the noise problem still exists, which is drawn from the
analysis in Table II. Therefore, some scenes with more noises
require higher recognition accuracy, such as suspect tracking.
This requires that the noise resistance of our model needs to be
further enhanced.

VI. CONCLUSION

In this article, we put forward a single-modal LMFNet with
a hierarchical structure for low-quality 3-D FR. We combine
local features formed by the HMSFF module with the global
features to represent the faces, which can effectively improve
the recognition performance of our network in challenging
scenes (such as pose, occlusion, and time changes). This will
smooth the processing of 3-D faces for many human–machine
interaction applications such as virtual reality, thereby enhanc-
ing the user’s immersive experience. In addition, we devise a
backbone network with five feature extraction blocks to decrease
parameters and speed up the inference speed. Experiments
on three challenging low-quality datasets and cross-quality
datasets demonstrate effectiveness, robust learning ability and
excellent generalization ability of our proposed model. The
contrast of model complexity and test time demonstrate that
the proposed lightweight model is able to satisfy real-time
performance.

In the learning process of CNN, noise may be mistakenly
regarded as a facial feature, which weakens the recognition
performance. In the future, we will be devoted to improving

the image denoising ability to obtain more discriminative in-
formation of intraclass, focus on reducing the impact of noise
further, and continue optimizing the performance of the 3-D FR
model. In addition, we will try to apply the proposed model to
actual interactive devices and conduct user experience surveys
to further refine the 3-D FR model.
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