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Keypoints-guided Lightweight Network
for Single-view 3D Human Reconstruction
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Abstract— Single-view 3D human reconstruction has been a
hot topic due to the potential of wide applications. To achieve
high accuracy, existing works usually take computationally
intensive models as backbone for exhaustive underlying features
and then directly estimate human mesh vertices. These factors
lead to redundant parameters, large calculations and low
efficiency, while lightweight solutions to address these challenges
are relatively scarce. In this work, based on the problems stud-
ied above, we propose a keypoints-guided lightweight network
with an encoding-decoding framework. As the input is an image,
a lightweight backbone named multi-stage and global feature
enhanced network is designed for 2D encoding, where some
operations of multi-scale fusion and frequency domain filtering
are performed to extract more informative but low-resolution
features. As the output is mesh of human body, we construct a
keypoints-based 3D human template, with which the 2D low-
resolution features can be mapped to 3D space to guide the
3D decoding with high efficiency and high accuracy. Extensive
experiments on popular benchmarks 3DPW and Human3.6M
illustrate the favorable trade-off between the accuracy and
complexity of our method. Our code is publicly available at
https://github.com/ChrisChenYh/EfficientHuman.git.

I. INTRODUCTION

Single-view 3D human reconstruction models have been
widely studied for many years due to their wide applications
in AR/VR, behavior understanding and other fields. Although
numerous methods [1], [2], [3], [4], [S5] have achieved
impressive progress on benchmarks, the high computational
complexity and large model size make them difficult to be
applied in practice.

A typical pipeline for single-view human reconstruction
includes two parts, 2D encoding and 3D decoding. As the
input is an image, the encoding module is conducted in 2D
space, while most methods adopt computationally intensive
networks as backbone to extract exhaustive 2D features
and potential 3D features, resulting numerous parameters
and high computational complexity. There have been some
lightweight networks for 2D human pose estimation [6], [7],
[8], but they cannot be simply used as the backbone of 3D
reconstruction, due to the weak ability of extracting critical
underlying features representing geometry structure. There-
fore, our motivation is to design an efficient backbone to
balance computational complexity, model size and accuracy.

For 3D decoding to output human mesh, existing methods
can be divided into two types, model-based and model-
free. Most model-based methods reconstruct the human
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Fig. 1. Comparison of ours and SOTA methods on 3DPW [10] regarding
accuracy, computational complexity and model size. The circles of different
sizes for each method represent the use of different backbones. In ours, the
three circles from small to large respectively represent using MGFENet,
ResNet-34, HRNet-w48 as backbone. The circle size is related to model
size.

mesh by estimating the parameters of the SMPL model
[9], while model-free methods directly estimate the mesh
vertices. Since mesh vertices contain complete human pose
and shape information, the model-free methods that directly
use vertex coordinates as supervision can easily achieve
better accuracy. However, too much vertices participating
the regression calculations must lead to high computational
complexity and numerous parameters. In contrast, model-
based methods are usually simple and lightweight, but it
is difficult to directly estimate SMPL parameters from a
monocular image without explicit supervision for human
body. Therefore, our motivation is to combine the advantages
of these two types of methods for a most optimized trade-off
between accuracy and efficiency.

In this work, we propose a keypoints-guided lightweight
network for 3D human reconstruction. We firstly de-
sign a lightweight backbone based on MobileNetv3 [11],
named Multi-stage and Global Features Enhanced Network
(MGFENet), in order to extract low-resolution but informa-
tive features. These 2D low-resolution features are further
mapped into 3D features to predict 3D keypoints presenting
the human pose and shape. To guide the feature mapping,
we design a keypoints-based 3D human template; further, to
enhance the accuracy of 3D keypoints, we build a feature
extractor using gated attention [12] to encode the local rela-
tionship of 3D features. The prediction of 3D keypoints are
implemented with a coordinates classifier to conduct three
classification tasks for estimating the vertical, horizontal, and
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depth coordinates independently, under the supervision of
a residual log-likelihood estimation loss [13]. Finally, the
3D keypoints are used to guide the estimation of SMPL
parameters for human mesh. We conduct a comprehensive
comparison between the state-of-the-art (SOTA) methods [1],
[21, [3], [4], [5], [14], [15], and our MGFENet, trained
on the public 3DPW dataset [10], as illustrated in Fig. 1.
Some methods are trained using different size of ResNet [16]
or HRNet [17] as backbone, represented by varying circle
sizes. The results indicate that our method achieves the best
balance in terms of accuracy, complexity, and model size.
Furthermore, it can maintain the same level of accuracy as
the best method when both employ a large backbone.
The contribution of our method can be summarized as:

« We propose a lightweight model for 3D human recon-
struction that can achieve competitive accuracy while
saving 92.6% FLOPs and 51.8% parameters compared
to the SOTA method FastMETRO [2] with backbone
ResNet-50, as illustrated in Fig. 1.

e We design a lightweight backbone that can achieve
better performance than ResNet-18 with only 33.6%
FLOPs and 41.7% parameters, as listed in Table IV.

o We propose a lightweight 3D keypoints estimation net-
work for accurate mesh reconstruction, where the novel
keypoints-based 3D human template is also proposed
first.

II. RELATED WORK

Human mesh estimation. Methods for estimating 3D
human mesh models from monocular RGB image can be
divided into two types: model-based and model-free.

For model-based methods [14], [15], [18], the typical
SMPL model [9] is used as a prior template, and some
parameters are predicted from an input image and then
used to drive the SMPL model to reconstruct human mesh.
This parametric model can be lightweight but lose accuracy
sometimes due to the neglect of spatial correlation. To make
up for this shortcoming, several methods [5], [19] introduce
human body structure in estimating SMPL parameters. Li et
al. [5] take 3D skeleton as the structure priors to estimate
the parameters of joints rotation more accurately. However,
shape priors are still lacking with only the skeleton.

For model-free methods [2], [3], [4], [20] mesh vertices are
estimated directly by the network trained with data of pseudo
ground-truth human mesh generated using SMPL. Obviously,
directly estimating a bulk of vertices is uncontrollable and
can result in unconvincing meshes, with extremely high
computational complexity. Ma et al. [1] propose a model-
free method based on virtual markers, which reduces the
calculation to a certain extent but is still far from the
requirement of applications.

In this paper, to combine the advantages of both model-
based and model-free methods, we propose an efficient
approach for 3D human mesh estimation, with the design
of a keypoints-based 3D human template.

Human keypoints estimation. Previous studies for es-
timating 3D keypoints from a monocular image usually

employ single-stage or two-stage flowchart.

Single-stage methods can be divided into heatmap-based
methods or regression directly. Heatmap-based methods ren-
der 3D joints as high-resolution maps with Gaussian prob-
ability distribution for supervised learning. This type of
methods can achieve satisfactory accuracy, but they require
a large number of calculations and large storage memory.
Li et al. [21] decouple 2D heatmaps into 1D representations,
reducing computation and memory while maintaining effects.
Expanding this for 3D application is worth considering.
Regression-based methods directly supervise the model to
learn a small number of coordinates. Although they are
lightweight, the performance of them is not good. Li et
al. [13] propose an adaptive loss to learn the potential
distribution of the output, which improves the performance
comparable to the heatmap-based methods and so worth
referring to.

Two-stage methods first estimate 2D joints and then lift
them to 3D space. Recently, many lifting-based methods
[22], [23], [24] use transformer or self-attention to effectively
learn the structural features of human joints, which increases
the accuracy further.

Combining the advantages of above methods, we propose
a lightweight and accurate 3D keypoints estimation network.

Lightweight networks. Making a network lightweight has
been a critical topic in many fields. In terms of convolution-
based methods, a depth separable convolution is widely
used for lightweight CNN vision tasks, such as MobileNets
[11], [25], ShuffleNets [26], [27], etc. A disadvantage of
these methods is that they only focus on local features.
Then the transformer module [28] is introduced and several
lightweight operators appear in order to enhance the attention
to global features, such as the gated attention unit [12] and
the global filter [29]. These operators are valuable to enhance
the performance for a lightweight model and so considered
in this paper.

However, the lightweight network for 3D human recon-
struction is still rare. In this paper, we integrate the popular
efficient ideas to design a lightweight backbone as well
as some efficient modules to balance the accuracy and the
calculations.

III. METHOD

Fig. 2 illustrates the overall architecture of our model.
With a RGB image as input, we aim to infer SMPL pa-
rameters and generate 3D human mesh effectively through
three parts. For image encoding, we leverage an efficient
backbone pretrained on MSCOCO [30] to extract features
from monocular image. For 3D keypoints estimation, we
map image features to keypoints features learned with gated
attention, and predict the 3D coordinates of keypoints by a
designed coordinates classifier. For 3D mesh estimation, we
apply multi-layer perceptron (MLP) and inverse kinematics
solution (IK) to estimate the parameters that drive SMPL to
generate human body mesh.
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Fig. 2. Overview of our model architecture. Given an input image, it first estimates the 3D coordinates of the keypoints. Then, guided by the keypoints
features, it estimates the SMPL template with corresponding shape. Finally, taking the template and 3D keypoints as input, it recovers the complete human

mesh using inverse kinematics solutions.

A. Lightweight backbone design and pretrain

Through preliminary study, we find that quite a quantity of
model parameters come from the backbone, which motivates
us to design a lightweight backbone firstly.

Design motivation and choices. A common backbone
network adopts ordinary convolutions (Conv) to ensure the
extraction of generalized and diverse features, but this needs
intensive calculations. Some lightweight backbone networks
are proposed, with MobileNetv2 [25] the most classical
and commonly used one. It combines the point-wise con-
volution (PW-Conv) and depth-wise separable convolution
(DW-Conv) jointly to replace the ordinary convolution. This
operation reduces computation and parameters, which also
reduces performance. Therefore, based on MobileNetv3 [11]
and inspired by DenseNet [31], we design a multi-stage fea-
ture concatenation structure. Features from different scales
of multiple stages are concatenated successively, where the
combination of PW-Conv and DW-Conv is still applied for
feature extraction. To enhance the global feature extraction,
we also add a global filter [29] in each stage. All these
operations ensure the extracted features can maintain low-
resolution and diverse information. The specific comparison
of prevalent operators mentioned above is listed in Table I,
illustrating the calculation superiority of the DW-Conv and
PW-Conv as well as the global filter, where h, w are the
size of input image features and c is the number of feature
channels.

TABLE I
COMPARISONS OF PREVALENT OPERATIONS IN DEEP MODELS.

Method FLOPs #Param
Ordinary convolution O(k?hwc?) k2c?
Depth-wise convolution O(k?hwe) k2c
Point-wise convolution O(hwc?) c?
Self-attention O(hwc? 4+ h2w?c) 4c?
Global filter O(hwcllogy (hw)] + hwc) hwe

Backbone structure. Fig. 3 displays the framework of our
MGFENet, which contains four stages. Features from every
stage will be cascaded for feature extraction of next stage.
There are several MGFE blocks designed in each stage,
where the number is set the same to MobileNetv3.

Pooling Pooling

MGFE
Stage 4

Smge 2

Pooling )—T—{ Pooling T Pooling
I Conv MGFE MGFE
mage 33

,
! MGFE Block Channel-wise

1
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H Filter Conv DWConv || Layer Con addition :
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H features '
\ fimg fimg J

Fig. 3. MGFENet framework.

In each MGFE block, a global filter is added at first to
process the input feature fin, € RM*w>e1 ag:
1mg =F" [K © Fimg] + fimg7 (D
where K € Ch*®*¢1 i a learnable spectral filter, Fip is
the spectra of fin, by Fourier transform, ® denotes element-
wise multiplication, F~1(-) is the inverse Fourier transform.
The output of the global filter is added to fiy, to emphasize
the global features with few parameters. Then, an improved
inverted bottleneck block (IBB) is used to extract diverse
local features, which improves the ordinary IBB [25] by
concatenating each stage-cascade feature fii, € RAxwxes
into IBB and using 7x7 larger kernels to expand the receptive
field for more informative local features. The output features
from the improved IBB are added to fiy, to form the final
output fimg € R"*®*2 for a MGFE block.
For each stage, the output feature flmg is also aggregated

into f{, to obtain an updated stage-cascade feature me

[ﬁ?nlgvfimg] c thwx(cl+cz).

Pretrain. Most 3D human pose estimation models are
pretrained on ImageNet [32] that is for classification tasks
and involves a wide variety of objects, making it challenging
for the regression of 3D human keypoints. In this paper,
we first try to pretrain our backbone on the MSCOCO 2D
human pose dataset [30]. An encoder-decoder network is
employed for pretraining, where our backbone serves as the
encoder and some deconvolutions as the decoder. The task
of our pretrain is to progressively predict the coordinates
of 2D keypoints, while only the extracted features from our
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Fig. 4. The 3D human keypoints representations. (a) Front view of human
mesh and joints (yellow). (b) Front view of Human mesh and marker points
(blue). (c) Back view of human mesh and marker points (blue). (d) Front
view of 3D joints (yellow) and marker points (blue).

backbone are taken into use in the following human mesh
estimation.

B. Efficient human mesh estimation network

With the features from backbone, we propose to obtain the
3D keypoints firstly to guide estimating the SMPL parame-
ters, then we generate human mesh with these parameters.

Keypoints-based 3D human template. To guide the
prediction of 3D keypoints, we first propose to design a
keypoints-based 3D human template. Before, the skeleton of
3D human joints has been taken as a template, which only
contains 24 joints [5], as shown in Fig. 4(a). This template
primarily describes the human pose information and lacks
of shape information. The SMPL human mesh is another
type of template containing 6890 mesh vertices, which can
describe the human body shape better [3]. However, 6890
points for model inference may bring large calculations. To
pick out the representative points, Loper et al. [33] evaluate
67 marker points that are very useful for estimating human
mesh, as displayed in Fig. 4(b) and (c), where 47 points are
determined when using a motion capture system and another
20 points are selected after using the greedy method. In this
paper, we propose a 91 keypoints based 3D human template
combing the 24 joints and 67 mesh vertices, as shown in
Fig. 4(d). These points are combined to form the set of 3D
keypoints to guide the down-stream tasks.

Efficient 3D keypoints estimation module. As mentioned
above, the features from our backbone need to be mapped to
predict the features of 91 3D keypoints firstly. Inspired by the
2D keypoints work SimCC [21], we regarding this task as the
classification task of 3D coordinates. The proposed efficient
3D keypoints estimation module (3DKEM) is shown in Fig.
5, which consists of three stages: feature mapping, feature
extraction, and coordinate classification.

In the stage of feature mapping, the features from back-
bone, denoted as fimg € R(Wxw)xe gpe mapped to form
the features of 91 keypoints as:

fkp = A.fimgv 2

where A € RN (A'xv") 5 o learnable parameter matrix.

X-Axis

Classifier HJC}, ""x,;)I(":la ) O%) ]
Y-Axis I o . .

Classifier JC},, '"'xy)I(O'y. e ﬂy)
Z-Axis

Classifier I Ex;‘ ""xf)I(U}, e af)}

3D keypoints estimation module.

Image features Keypoint features

Fig. 5.

In the stage of feature extraction, the features of 91
keypoints are processed further by the gated attention unit
(GAU) [29] to extract the global features. In contrast to
conventional self-attention mechanism, the GAU employs
gated units to refine attention weights, which can effectively
reduce the impact of irrelevant information. Taking fx, as
input, the process of GAU is similar to the ordinary attention
computation as follows:

U= ¢u (fkau) V=10, (fkav) 4= ¢z (fkaZ) )
(3)
where, W, W,,, W, € R¢*#® are all learnable matrices, ¢ is
activation function where SiLU is selected. The weakened
attention mechanism formulas are:

B =ReLU? (Q(2)K(Z)" +1),

) \ | 4)

where B is the attention weight matrix, Q(-) and K(-) are
both linear transformations, b is a learnable bias, W, € R*¢
is also a learnable matrix.

Finally, in the stage of coordinate classification, three
groups of classifiers are used to estimate the coordinates as
well as the degree of deviation between the output and the
statistical distribution.

SMPL parameters estimation module. As well known,
the SMPL model is effective to generate human mesh if
the accuracy of the required parameters is ensured, where
the parameters refer to the joints rotation angle § € R?4*3
and shape 8 € R'C [9]. The features from our 3DKEM
are precisely used to guide the accurate estimation of these
parameters. Referring to HybrIK [5], we calculate 6 as:

0 =1K(J,T,¢), 5)

where J denotes the 3D joints estimated by our 3DKEM,
T is the initial template of 3D joints, ¢ is the joint twist
angle predicted directly from image features, and 7K (-) is
the inverse kinematics equation. To estimate 3, we employ
a multi-layer perceptron (MLP):

B = MLP(fshape)a (6)

where foape = [f ;'Cp, JFimg ] € R?¢, which means a combina-
tion of f;, and fimg, and fxp 1s first processed by a global
average pooling to extract global keypoints features. Finally,
the obtained 6 and 3 are used to drive the SMPL model to
generate human mesh with usual operation.

C. Loss design

For supervised training, the loss function is designed for
estimating the 3D keypoints and SMPL parameters sepa-
rately.
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3D keypoints loss. Existing regression-based methods
usually use L1 loss or L2 loss for supervision, which are
only suitable for the assumption that the keypoint errors obey
Laplace distribution or Gaussian distribution. However, the
real human body keypoints error distribution does not strictly
conform to these distributions. Therefore, we adopt residual
log-likelihood estimation loss (RLE Loss) [13] to supervise
the 3D keypoints estimation, which is described as:

K+N

Lsp= Y [~logQ (u:) —log Gy (1) +logoi], (7)

i=1

where G4 indicates the true error probability distribution
predicted by a flow model [34], @) indicates the probability
distribution, 0; indicates the degree of deviation between the
it" keypoint and the statistical distribution, z; indicates the
deviation between the prediction z; € R? and ground-truth
#; € R? of i'" keypoint p; = (z; — #;)/0;. In Eq. (7), we
take the errors of all the 91 keypoints in the training stage as
samples and learn the potential error probability distribution
on the basis of the prior distribution using the flow model.
Due to the hybrid training with 2D and 3D dataset, we set
up two flow models to estimate the probability distribution
of 2D data and 3D data respectively.

SMPL parameters loss. We use L2 loss to supervise the
SMPL parameters, i.e., § and /3, and joint twist angle ¢;:

Lo =10 —0ll2, L5 = 1|8 — Bll2.

L,= ii |[(cos @i, sin ;) — (cos @;, sin @;)|| ®)
$ K — QDH %01 ()017 307, 29

where 6, 8, ¢p; are the ground-truths of 6, § and ¢;,
respectively.

In summary, the overall loss of training the 3D human
mesh estimation network is:

L=¢e1L3p +e2Llyg+e3lp+esly,, &)
where €1, €2, €3, and €4 are hyperparameters.

IV. EXPERIMENTS
A. Datasets and metrics

Human3.6M [35] is an indoor 3D human dataset with 3D
joints annotations but without SMPL annotations. So, we use
the SMPL pseudo annotations generated by SMPLify-X [36]
for the 3D mesh supervision. We use objects S1, S5, S6, S7,
and S8 for training, and objects S9, S11 for testing.

3DPW [10] is an outdoor 3D human dataset with 3D
joints annotations and SMPL annotations, and so is used for
training and testing.

MPI-INF-3DHP [37] contains indoor scenes and complex
outdoor scenes, with 3D joints annotations but without SMPL
parameter annotations, which is used for training only.

MSCOCO [30] is a 2D dataset of large-scale outdoor
scenes, which is used for training.

The network performances are evaluated using PA-MPJPE
/ MPVPE as the errors of 3D joint / vertex position, and
AP as the errors of 2D joint. Additionally, we measure

the computational complexity with FLOPs(G) and parameter
quantity with #Param(M).

B. Implementation details

We train the proposed network in two stages: 2D pre-
training and 3D training. For 2D pretraining, we use the
AdamW optimizer with batch size of 256. All backbones
in our experiments are trained for 210 epochs. The initial
learning rate is 4 X 1073, and from the 105" epoch, we use
cosine annealing algorithm to gradually reduce the learning
rate to 2 x 10~%. For 3D training, we use the Adam optimizer
with batch size of 64. All networks in our experiments are
trained for 30 epochs. The learning rate is 1 x 10~%. The
hyperparameters in Eq. (9) are: €1 = 1, e = 0.01, e3 = 0.1,
and ¢4 = 0.01.

C. Comparison to state-of-the-art methods

As shown in Table II, we compare our method to the SOTA
methods on popular benchmarks 3DPW and Human3.6M
from the perspective of joints error (PA-MPJPE), compu-
tational complexity (FLOPs), parameters amount (#Param),
respectively. Since previous works use ResNet or HRNet
as backbone, we also train our approach on these two
backbones, and compare them with the SOTA methods.
Some qualitative results from wild images are shown in Fig.
6.

When we use the same backbone as the SOTA methods,
our method can achieve comparable accuracy to them, but
with lower computational complexity and smaller model size.
For example, when we use ResNet-34 as the backbone,
compared with HybrIK that also uses ResNet-34 as the
backbone, our model achieves lower PA-MPJPE (-0.9mm)
by only costing 39.4% FLOPs of HybrIK.

When employing our MGFENet as a lightweight back-
bone, our method demonstrates a notable reduction in both
calculations and parameters, while maintaining competitive
accuracy compared to SOTA methods. Compared with Fast-
METRO that also has light scale of backbone, our method
achieves the similar accuracy but a 92.6% reduction in
FLOPs and a 51.8% reduction in #Param.

Fig. 6. Qualitative results from wild images.

D. Ablation studies

Efficient backbone. We use MobileNetv3 as the baseline,
which adopts the inverted residual module to encode image
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TABLE 11
COMPARISON TO THE STATE-OF-THE-ART METHODS ON 3DPW AND HUMAN3.6M.

Method Backbone FLOPS(G) ~ #Params(M) | A_MPJPEBPWMPVPE o A_le};g‘fﬁ'%vm T
PARE [14] ARNe-W32 755 36.0 364 %86 - -
METRO [3] HARNeL-Wo6d 543 1954 479 %82 367 -

Mesh Graphormer [4] | HRNeW64 1338 130.6 356 77 345 -
HybrlK [5] ResNet-34 2.7 776 5.0 %65 345 657
ResNet-50 54 7.0 3577 353 351 -
CLIFF [15] HRNet-W48 17.4 78.9 43.0 812 327 -
S-ResNet-30 33 37 393 91.9 394 :
M-ResNet-50 6.4 40.6 48.4 91.2 38.6 -
FastMETRO [2] L-ResNet-50 75 48.4 483 90.6 373 ]
L-HRNet-W64 3.4 153.0 446 84.1 337 -
VirtualMarkers [1] TRNeL-W4S 71 109.6 i3 77,9 3.0 58.0
MGFENet 0.8 0.9 77 903 333 T
Ours ResNet-34 5.0 26.0 44.1 86.2 34.0 64.9
HRNet-W48 234 89.0 415 80.3 315 5.1

features. Our goal is to enable the proposed backbone to
achieve performance comparable to ResNet-18 with lower
complexity and less parameters. With the same hyperparam-
eters and training schedules, we improve the inverted residual
module step by step: (1) replace the 3x3 convolution kernels
and 5x5 kernels with larger 7x7 kernels; (2) add multi-stage
feature concatenation (MFC); (3) add a global filter. We
compare the performance of all models on the MSCOCO
benchmark, using AP as the evaluation index, shown as Table
III. Also, we count the computational complexity of each step
to ensure that all improvements are efficient. As shown in
Table IV, we finally achieve better performance (+1.1 AP)
than ResNet-18 with only 33.6% FLOPs and 41.7% #Param.

TABLE III
ABLATION STUDIES OF MGFENET.

7x TConv MFC Global Filter ~APT  FLOPs(G)
— - - 60.3 0.34
+ — - 61.1 0.41
+ + - 62.6 0.45
+ + + 64.1 0.46

TABLE IV
COMPARISON OF MGFENET WITH MOBILENETV3 AND RESNET-18.

Model APT FLOPs(G)  #Param(M)
MobileNetv3  60.3 0.34 2.63
ResNet-18 63.2 1.37 11.18
MGFENet 64.1 0.46 4.66

Efficient 3D keypoints estimation module. As the base-
line, we directly regress the 3D joints from 2D image
features and generate the human mesh under the guidance
of the joints. With the same backbone (ResNet-34), hyper-
parameters and training schedules, we improve the baseline
above by four steps: (1) replace L1 loss with RLE loss
to supervise 3D keypoints; (2) replace the fully connect
layer in the baseline with the proposed efficient 3DKEM;
(3) pretrain the model on MSCOCO instead of ImageNet;
(4) use the proposed keypoints-based 3D human template
as the guidance of human mesh estimation instead of using
3D joints. We compare the performance of all models on

the 3DPW benchmark, using PA-MPJPE as the evaluation
index, shown as Table V. Also, we count the computational
complexity of each model to ensure that all steps are efficient.
As the result, PA-MPJPE of our method is lowered by 6.1mm
at the expense of 0.2G FLOPs, which only accounts for 4.1%
of the baseline.

TABLE V
ABLATION STUDIES OF 3D KEYPOINTS ESTIMATION MODULE.

RLE 3DKEM  Pretrain Keypoints PA-MPJPE|  FLOPs(G)
— — — — 50.2 4.8
+ - — — 48.1 4.8
+ + — — 46.7 49
+ + + - 44.6 49
+ + + + 44.1 5.0

V. CONCLUSION

In this work, we present a keypoints-guided lightweight
network for 3D human reconstruction with satisfactory effi-
ciency and accuracy. In the image encoding stage, we design
a lightweight backbone that outperforms ResNet-18 with
lower complexity and smaller model size. In the 3D mesh
estimation stage, we design a simple yet effective keypoints-
based 3D human template and propose an efficient 3D key-
points estimation network. The estimated keypoints can help
the network to learn more structural features of the human
body, thereby obtaining a more accurate mesh. Through
extensive experiments on popular benchmarks 3DPW and
Human3.6M, our proposed method exhibits favorable accu-
racy / complexity trade-offs. In the future work, we plan
to extend this work to explore lightweight methods about
human-object interactions, 3D virtual try-on, etc.
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