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Abstract

3D hand pose estimation methods from depth have made
significant progress recently. However, the heavy compu-
tation of current models are not practical for real world
applications on mobile devices. Therefore, We propose a
light-weight network to estimate the hand pose from depth.
The network is consisted of linear attention modules, a com-
pact feature representation module and light-weight convo-
lution computation modules. In comparison with the state-
of-the-art methods, the proposed network achieves 0.27G
flops which is about 2% of the state-of-the-art method. Be-
sides, the reconstruction error increases about 6% on ICVL
Dataset and 8% on NYU Dataset, respectively.

1. Introduction

Hands are important for allowing humans to interact
with the world around them. There are many applica-
tions in human-computer interaction (HCI), augmented re-
ality (AR), virtual reality (VR), and gesture recognition [13]
[12] that require accurate hand pose estimation. Significant
progress has been made in depth-based 3D hand pose es-
timation [7] and hand segmentation [16][9] as commodity
depth cameras become more accurate and affordable and
more widely available. Existing methods are limited in their
reduction of inference time and memory consumption, es-
pecially for resource-constrained devices. Therefore, we
propose a network for 3D hand pose estimation from depth.

2. Related Work

2.1. Linear attention

Improving the efficiency of MHA(multi-headed self-
attention) in transformers is an active area of research.
The first line of research introduces locality to address
the computational bottleneck in MHA [2]. To improve
the efficiency of MHA, the second line of research uses
similarity measures to group tokens[8] [18]. The third

line of research improves the efficiency of MHA via low-
rank approximation[17] [3]. Even though these methods
speed-up the self-attention operation significantly, they still
use expensive operations for computing attention, which
may hinder the deployment of these models on resource-
constrained devices. However, we propose a light-weight
network for the estimation of hand pose from depth.

2.2. Mobile convolution network

A lot of studies are made for the development of the ef-
ficient networks. ShuffleNet[21] utilizes group convolution
and channel shuffle operations to further reduce the MAdds.
CondenseNet [6] learns group convolutions at the training
stage to keep useful dense connections between layers for
feature re-use. ShiftNet [19]proposes the shift operation
interleaved with point-wise convolutions to replace expen-
sive spatial convolutions. GhostNet applies a series of linear
transformations to generate many ghost feature maps. [5].
Therefore, we apply similar light-weight modules to reduce
the flops of the network for the estimation of hand pose.

3. Methodology

The task of 3D hand pose estimation is defined as fol-
lows: given an input depth image DI ∈ RH×W , the
task is to estimate the 3D location of a set of pre-defined
hand joints P ∈ RJ×3 in the camera coordinate system.
As illustrated in Figure 1, the proposed network consists
of two stages. In the first stage, the input depth im-
age is run through the encoder network f. The compo-
nent1(com1), computes a per-joint attention map. The com-
ponent2(com2), also computes a per-joint attention map.
The fused attention map is then used as guidance for pool-
ing features from the depth feature map computed by the
component3(com3). Then, the linear self-attention is ap-
plied for the grid computation as the prior to the proposed
network. Finally, a weight-sharing linear layer is used to es-
timate the joint depth values from the feature vectors com-
puted for each joint.



Figure 1. An overview of the proposed network. the proposed network consists of two stages. The first stage is the encoder, the second
stage consists of Compressed and unified branch and attention fusion and Linear-self attention grid computation.

3.1. Ghost module

The encoder is defined as a non-linear mapping from
the input depth image to the output feature volume f :
RH×W → Rc×h×w, where h, w and c denote the height,
width and the number of the channels of the output fea-
ture volume respectively. We use Lighter Stacked Hour-
glass network[4].

m intrinsic feature maps Y
′
∈ Rh

′
×w

′
×m are generated

using a primary convolution:

Y
′
= X × f

′
(1)

where f
′ ∈ Rc×k×k×m is the utilized filters, m ≤ n and

the bias term is omitted for simplicity. To further obtain the

desired n feature maps, we adopt to apply a series of cheap
linear operations on each intrinsic feature in Y

′
to generate

s ghost features according to the following function:

yij = Φi,j(y
′

i), ∀i = 1, · · · ,m, j = 1, · · · , s, (2)

where y
′

i is the i-th intrinsic feature map in Y
′
, Φi,j in the

above function is the j-th (except the last one) linear opera-
tion for generating the j-th ghost feature map yij .

3.2. Compressed and unified branch

This branch takes as input the output feature volume
from the Ghost module and computes attention map Att ∈
R (2×J+D)×h×w. We use Attjcom1 ∈ RJ×h×w to refer to



the attention map corresponding to the jth joint. Attjcom2

∈ RJ×h×w denotes the attention map corresponding to the
jth joint. Attjcom3 ∈ RD×h×w denotes a dense depth fea-
ture map, D represents the depth feature vector dimension.

The attention map Attjcom1 is first normalized by a spa-
tial softmax layer to obtain the corresponding heatmap
C2D

j = σ(Attjcom1) as follows:

C2D
j (x, y) =

exp(Attjcom1(x, y))∑
ki,li∈Ω

exp(Attjcom1(ki, li))
(3)

In the above, σ denotes the spatial softmax layer. The
heatmap C2D

j represents the likelihood of the jth joint oc-
curring at each pixel location. Ω represents the spacial do-
main of the attention map Attjcom1. The 2D location of the
jth joint is computed through an integration operation sim-
ilar to, as follows:

(K
j
, L

j
) =

∑
ki

∑
li

(ki, li)C
2D
j (ki, li) (4)

The attention map Attjcom2 is first normalized by a spa-
tial softmax layer to obtain the corresponding heatmap
E2D

j = σ(Attjcom2) as follows:

E2D
j (x, y) =

exp(Attjcom2(x, y))∑
ki,li∈Ω

exp(Attjcom2(ki, li))
(5)

The depth value for the jth joint is estimated from the
feature vector obtained by pooling features from the pixels
that contain the most relevant information about its depth,
which is guided by Attjwise−fused as follows:

Hj = Attjwise−fused ◦Attjcom3 =∑
x

∑
y

Attjwise−fused(x, y)Γ(x, y)
(6)

The depth value for the jth joint, denoted by Zj , is then
estimated using a single linear layer as follows:

Zj = HjW + b (7)

The depth value estimation for the joints is supervised by
the following loss term:

ℓcm3 =
1

J

J∑
j=1

|Zj − Zj | (8)

Where Zj refers to the ground-truth depth value for the
jth joint.

3.3. Attention fusion

The two attention maps Attcom1and Attcom2 are com-
plementary in the sense. These two attention maps are fused
as follows:

Attjwise−fused = σ(βjAttjcom1 + (1− βj)Attjcom2) (9)

3.4. Linear-self attention and grid computation

As shown in Figure 1, we adopt a separable self-attention
method with linear complexity. It uses element-wise opera-
tions for computing self-attention, making it a good choice
for resource-constrained devices.

The context scores cs are used to compute a context vec-
tor cv . Specifically, the input x is linearly projected to a d-
dimensional space using key branch K with weights Wk ∈
Rd×d to produce an output XK ∈ Rd×d . The context vec-
tor cv ∈ R d is then computed as a weighted sum of XK

as:

cv =

k∑
1

cs(i)XK(i) (10)

The context vector cv is analogous to the attention ma-
trix a in (Eq.10) in a sense that it also encodes the informa-
tion from all tokens in the input x, but is cheap to compute.

Mathematically, separable self-attention can be defined
as:

y =


∑

cs∈Rk︷ ︸︸ ︷
σ(xWI) ∗xWK

︸ ︷︷ ︸
cv∈Rd

∗ReLU(xWv)


Wo (11)

where ∗ and
∑

are broadcastable element-wise multiplica-
tion and summation operations, respectively.

3.5. Loss

(K
j
, L

j
) represents the estimated coordinates of the jth

joint in the depth image space. The mean L1distance de-
fined as:

ℓcom1 =
1

2J

J∑
j=1

|Kj −Kj |+|Lj − Lj | (12)

In the above, (Kj , Lj) represents the ground-truth 2D loca-
tion of the jthjoint. The proposed model is end-to-end dif-
ferentiable and is trained by minimizing the loss function,
which is formulated as:

L = ℓcom1 + ℓcm3 (13)



4. Experiments
4.1. Implementation Details

The pre-processing method for preparing the input depth
image includes first cropping the hand area from a depth
image similar to[11], and then resizing it to a fixed size of
128 ×128.

4.2. Datasets and Evaluation Metrics

ICVL Dataset. The ICVL dataset [15] provides 22K
and 1.6K depth frames for training and testing, respec-
tively.

NYU Dataset. The NYU dataset [16] is captured from
three different views with Microsoft Kinect sensor.

Evaluation metrics. We use the commonly used metrics
for the evaluation of 3D hand pose estimation: the mean
distance error (in mm).

4.3. Ablation Study

Impact of using Ghost module. We study the impact of
Ghost bottleneck in the Hourglass model.

Effectiveness of Different Approaches for channel-
wise computation. We study the effectiveness of channel-
wise computation in our model.

Impact of the linear-self attention module. A linear
attention is applied for the grid computation.

In the above, as can be seen in Table 3.
Table 1,2 summarizes the performance based on the

mean distance error on the two datasets. As shown in Figure
2, we visualized some of the estimation results.

Figure 2. Input is the input depth image. Trinet is the result of
TRIHORN-NET module. ours is the result of the proposed net-
work. The ground truth is the ICVL Dataset proved.

Methods Error(mm) FLOPs(G) params(M)
A2J [20] 6.46 6.21 82.01

V2V-PoseNet
[10]

6.28 38.453 3.41

HandFoldingNet
[1]

5.95 35.788 1.283

trinet[14] 5.73 13.47 7.81
ours 6.077 0.27 0.18

Table 1. Comparison with the state-of-the-art method on ICVL

Methods Error(mm) FLOPs(G) params(M)
A2J [20] 8.61 6.21 82.01

V2V-PoseNet
[10]

8.42 38.453 3.41

HandFoldingNet
[1]

8.58 35.788 1.283

trinet[14] 7.68 13.47 7.81
ours 8.32 0.27 0.18

Table 2. Comparison with the state-of-the-art method on NYU

Approaches Error(mm) FLOPs(G)
Compressed and unifid

branch
6.049 0.398

Ghost module 5.683 11.097
linear-self attention grid

compution
5.835 13.47

ours 6.077 0.27
Table 3. Comparison of different approaches on ICVL

5. Conclusion
In this paper, we proposed a light-weight network for 3D

hand pose estimation from a single depth image. In compar-
ison with the state-of-the-art models, the proposed network
achieves the Flops 0.27G which is 2 % of the state-of-the-art
models. Besides, the reconstruction error increases about 6
% on ICVL Dataset and 8% on NYU Dataset, respectively.
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