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Abstract. The recovery of 3D human pose with monocular camera is
an inherently ill-posed problem due to the large number of possible pro-
jections from the same 2D image to 3D space. Aimed at improving the
accuracy of 3D motion reconstruction, we introduce the additional built-
in knowledge, namely height-map, into the algorithmic scheme of recon-
structing the 3D pose/motion under a single-view calibrated camera. Our
novel proposed framework consists of two major contributions. Firstly,
the RGB image and its calculated height-map are combined to detect
the landmarks of 2D joints with a dual-stream deep convolution net-
work. Secondly, we formulate a new objective function to estimate 3D
motion from the detected 2D joints in the monocular image sequence,
which reinforces the temporal coherence constraints on both the camera
and 3D poses. Experiments with HumanEva, Human3.6M, and MCAD
dataset validate that our method outperforms the state-of-the-art algo-
rithms on both 2D joints localization and 3D motion recovery. Moreover,
the evaluation results on HumanEva indicates that the performance of
our proposed single-view approach is comparable to that of the multi-
view deep learning counterpart.
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1 Introduction

Marker-less motion capture is an active field of research in computer vision and
graphics with applications in computer animation, video surveillance, biomedical
research, and sports science. According to the recent study on world population
aging [1], the life expectancy at age 60 and above is expected to grow in the next
few decades. This anticipates an emerging need in video-based analysis systems
to monitor the elderly in nursing home as an event alert system.

Existing motion capture approaches can be broadly divided into two cate-
gories: (1) methods based on monocular camera [2–5], and (2) methods that rely
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on synchronous multi-view streams [6–8]. Nowadays, single view approaches are
getting more attention in the industry. Although multi-view visual data presents
richer information for marker-less motion capture, such data are not always avail-
able in reality, especially in the applications of video surveillance.

The recovery of 3D human poses with monocular image sequences is an
inherently ill-posed problem, since the observed projection on a 2D image can
be explained by multiple 3D poses and camera positions, when we try to infer
poses from single-view images or motions from monocular video [9]. The problem
becomes even more challenging if we consider realistic situations in which image
features, such as the body silhouette, limbs or 2D joints, cannot be accurately
detected due to environment factors or occlusions [10]. Nevertheless, human
observers are able to accurately estimate the pose of a human body with a single
eye. In most cases, they are also able to effortlessly organize the anatomical
landmarks in three-dimensional space and predict the relative position of the
camera, where the ambiguity is resolved by leveraging on vast memory of likely
3D configurations of humans [9]. A reasonable proxy for such capabilities can
be available by learning from motion capture libraries, ensuring anthropometric
plausibility while discarding impossible configurations. Motivated by this, we
aim to achieve accurate 3D reconstruction of human motion from monocular
image sequence recorded by a calibrated camera.

We propose a novel framework for marker-less 3D human motion capture
with a single-view calibrated camera, where the 3D human pose is articulated
as 3D pose or a skeleton model parameterized by joint locations. It consists of
three key components, namely height-map generation, 2D joint localization, and
3D motion generation. Inspired by the recent success of deep learning approach
on RGB-D camera [11,12], we propose a dual-stream Deep Convolution Network
(ConvNet) to effectively detect 2D landmarks of human joints. The RGB im-
ages and the additional built-in knowledge (i.e., height-map) are independently
modeled with one stream of ConvNet, which are then jointly fined-tuned for im-
proved 2D joints detection. In addition, the nature of the dual-stream ConvNet
architecture also allows the proposed method to be coupled with any improved
RGB-based 2D joint detection algorithm in the future. Furthermore, in the 3D
motion estimation stage, we propose to reinforce both the pose-conditioned joint
velocity and the temporal coherence constraints of continuity of the camera and
3D poses in the optimization scheme. To the best of our knowledge, this is the
first algorithm that utilizes the height-map to capture 3D articulated skeleton
motion from a calibrated monocular camera.

The remaining of the paper is organized as follows. Section 2 reviews the
related literature. Section 3 elaborates on the details of the proposed framework.
Section 4 evaluates the proposed framework with both synthetic and real-world
video dataset. Section 5 concludes the paper.
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2 Literature Review

Human 3D pose estimation has received a lot of attention from the communi-
ties, and has been investigated using monocular camera [2–5], multi-view image
sequences [6–8], and RGB-D sensor [11]. In the early research, Fischler and
Elschlager [13] introduced the Pictorial Structures Model (PSM) to represent
an object by a collection of parts in a deformable configuration. This is fur-
ther adopted to represent human body as an articulated structure for track-
ing [4], recognition [14,15], and pose estimation [4,15–18] problems. Various ap-
proaches were proposed to learn PSM directly via RGB images [19,20] or depth
images [17,21].

3D pose estimation from a single image is an inherently ill-posed problem
due to the possibility of multiple plausible projections from the same 2D image
to a variety of 3D poses. A common approach is to project the estimated 2D
landmarks from single image to the 3D space by imposing certain constraints [5,
9,10,22,23]. Simo-Serra et al. [10] imposed kinematic constraints to guarantee
that the resulting pose resembles a human shape. In [5] and [9], 3D pose is
represented as a sparse linear combination of an overcomplete dictionary. In [9],
the sparse model is computed while enforcing anthropometric regularity on pose
structure, whereas [5] enforced eight limb length constraints to eliminate errors
generated from inaccurate 2D landmarks estimation. Simultaneous estimation
of both 3D pose and camera parameters further improved the performance [5,
9,23]. Recently, [24] considered the estimation of 3D pose as a Spatio-Temporal
Matching problem that explore the correspondence between video and 3D motion
capture data. The aforementioned approaches considered the 2D landmarks and
3D pose as separate problems, where [22] jointly models both problems using a
Bayesian framework.

Recently, ConvNets has been applied to estimate human pose from a monoc-
ular camera. Specifically, it aims to label anatomical landmarks (or joints) on
image. DeepPose [25] is the first work that holistically cast pose modeling as a
joint regression problem. Chen and Yuille [2] further improved the estimation
by modeling human pose as a graphical model where each local joint is consid-
ered as a node. They consider the part detection as a local image measurement
and predict the spatial relationships between joints as an image dependent pair-
wise relations. Similarly, Tompson et al. [26] proposed a hybrid architecture that
consists of ConvNet part detector and Markov Random Field inspired spatial-
model to exploit the structural domain constraints. This approach is further
improved by a cascaded architecture that combines fine and coarse scale Con-
vNet to accommodate the variance of human annotation errors [27]. Focusing
on structured-output learning, Li et al. [28] embed image and pose into a high-
dimensional space, whereas the image-pose embedding and score function are
jointly trained using a maximum-margin cost function with a 2-stage optimiza-
tion procedure. In contrast to the aforementioned approaches, [29–31] directly
predicted the 3D pose from images.

While the single shot approach can be applied to model a human action from
an image sequence, such approaches often result in unstable 3D motion recon-
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Fig. 1. Conceptual illustration of the proposed 3D human motion capture framework
with a calibrated monocular camera.

structions [3]. To address this, Wandt et al. [3] modeled 3D pose as a linear
combination of base poses and proposed a periodic model for the mixing coeffi-
cients to improve the efficiency and accuracy for periodic motion (e.g., walking,
running, etc.). The reconstruction on non-periodic motion is achieved with a
regularization term on temporal bone length constancy. In [32], 3D pose esti-
mation is considered as a sparsity-driven reconstruction problem with temporal
smoothness prior. Furthermore, it regards 2D joints as a latent variable which
the uncertainty maps can be jointly learned with deep learning based joint de-
tector. Hasler et al. [7] proposed to perform automatic camera registration and
audio synchronization for multiple cameras, followed by recovering 3D human
pose by computing the correspondence between the extracted silhouettes. Hof-
mann and Gavrilla [6] proposed a multi-stage verification process for the shape
hypotheses generated from each camera, and removed the temporal ambiguity
by maximizing the best trajectories across cameras. Elhayek et al. [8] combined a
ConvNet based part detection model [26] with a generative model-based tracking
algorithm based on Sums of Gaussians framework, which captures temporally
stable full articulated joints from multiple cameras.

To the best of our knowledge, there exist no work that employs height-map
as built-in knowledge together with color image for 2D joints detection.

3 Proposed Method

3.1 Overview

In this work, the main objective is to accurately recover the 3D human poses
with a calibrated monocular camera, where the 3D human motion is represented
by a skeleton model parameterized by joint positions. Our proposed framework
consists of three key components, namely, height-map generation, 2D joints lo-
calization, and 3D motion estimation. A conceptual diagram of the proposed
framework is shown in Fig. 1.

The height-map is generated by existing height estimation algorithm [33]
using calibrated camera parameters and the body silhouettes. Inspired by the



title running 5

Reference Plane

zx

y

Height Estimation

RGB Image Height-map
Normalization

(a)

0.174H

0
.1
3
0
H

H

0.039H

0
.2
4
6
H

0
.2
8
5
H

0
.2
4
5
H

0
.4
8
0
H

0
.5
3
0
H0
.7
2
0
H

0
.5
2
0
H

0.191H

0.259H

0
.3
7
7
H

0
.4
8
5
H

0
.6
3
0
H 0
.8
18
H

0
.8
7
0
H 0
.9
3
6
H

(b)

Fig. 2. (a) Illustration of height-map generation with pre-calibrated monocular cam-
era, (b) Anatomical decomposition of Skeleton based on height [35].

recent success of skeleton pose recognition using RGB-D (color + depth) sen-
sors [11,12], we propose a dual-stream deep ConvNet for 2D joints localization
with RGB images and the computed height-maps (RGB-H). The dual-stream
ConvNet is first trained with “Leeds Sports Poses” (LSP) dataset [34] (for the
RGB stream), which is then used as an initial stream for the height-maps and
trained with a synthetic dataset (for the H stream). The resulting model is then
jointly fined-tuned on the target dataset with the computed RGB-H images.
For the 3D human pose estimation, we consider both the reinforced temporal
constraints of the camera and the pose-conditioned joint velocity.

3.2 Height-Map Generation

Height-map is a grayscale image designed to be an intermediate new representa-
tion of body parts, where pixels in a height-map indicate its height with respect
to the reference plane rather than a measure of color, depth or intensity. For
each pixel of the human body, we apply the height estimation method pro-
posed by Park et al. [33] to calculate height from monocular RGB camera by
back-projecting 2D features of an object into the 3D scene space (see Fig. 2).
To accommodate variation in height across human subjects, we normalize the
estimated height, H, on each pixel to relative height, Ĥ, via:

Ĥ(x, y) = k · H(x, y)

hi
(1)

where x and y is the pixel coordinate, and hi indicates the body height of ith
person. k is a scale constant to map the relative height-map to a desired range,
which is empirically set to 255 to mimic an intensity channel (see Fig. 2a). Given
a height-map, we implicitly encode the spatial relationships among joints of a
skeleton structure [35] (see Fig. 2b).

3.3 2D Joints Localization

Given an image sequence with m frames {I1, . . . , Im | It ∈ Rw×h×d}, where w and
h are the width and height of an image, and d is the number of channels. The goal
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is to localize the anatomical landmarks of human (i.e., 2D joints), {p1, . . . , pm|pt ∈
R2n}, in each image using both the RGB images and the estimated height-maps,
where n is the pre-defined number of 2D joints. In this work, we assume that
one pose is observed at each frame to simplify the mathematical formulation.

We adapt a ConvNet-based 2D joints localization method [2], which achieved
state-of-the-art results on several public benchmark datasets1. This method de-
picts human pose as a graphical model and predicts the spatial relationship
between joints as an image dependent pairwise relation. Inspired by the hybrid
approach that use RGB-D sensor data [11,12], we design a dual-stream deep
learning architecture, which operates on both RGB image and height-map, and
a fully connected layer is deployed to fuse these two streams (conceptual dia-
gram is shown in Fig. 1). This architecture is similar to other recent multi-stream
approaches for recognition and segmentation tasks [36–39].

The localization of 2D joints in each stream is formulated as the optimization
of a score function over a part based graphical model [16]:

F (l, t|I) =
∑
i∈V

U(li|I) +
∑

(i,j)∈E

R(li, lj , tij , tji|I) + w0 (2)

where l = {li|i ∈ V} is a set of joint positions, t = {tij |(i, j) ∈ E} is the pairwise
relation type, and w0 is a bias term. V and E are the sets of vertices and edges
of the graphical model, respectively. U and R contain mixtures of part types
and pairwise relation types, which are specified as the marginalization of a joint
distribution modeled by ConvNet. The input of the ConvNet is an image patch
while the output is the evidence for a part to lie in this patch with a certain
relationship to its neighbours. We refer the reader to [2] for more details. Given
the learned models, we discard the output layers of both streams and employ a
new output layer to fuse the output of the last fully connected layers.

The dual-steam ConvNet employs a stage-wise training strategy. The RGB
stream is pre-trained on LSP dataset [34], and the resultant network is further
applied on our synthetic height-maps dataset to obtain the initial weights of
the height stream. Note that in order to reuse the pre-trained network on color
images to initialize the height stream, we recreate a RGB image by replicating
height-map three times as that in [40]. The entire network is then jointly fine-
tuned on a target training set.

Validation of Height-Map for 2D joints Localization To evaluate the
feasibility of using height-map for effective localization of 2D joints, we conducted
a preliminary experiment on the 8-persons test set of a real-world surveillance
dataset, namely Multi-Camera Action Dataset (MCAD) [41]. The height-map
based single-stream ConvNet is trained on our synthetic dataset using the pre-
trained ConvNet provided by [2]. The preliminary result (see in Fig. 3) shows
that the pure height-map based approach is comparable and a complement to
that based on the pre-trained model with RGB images in [2]. Therefore, we

1 http://human-pose.mpi-inf.mpg.de/#related_benchmarks

http://human-pose.mpi-inf.mpg.de/#related_benchmarks
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Fig. 3. Preliminary study of 2D joints localization with single-stream ConvNet on
MCAD [41]. The values in the parenthesis are the mean value of PCK@0.1 and PCP [2].

argue that it is feasible to incorporate height-maps into the algorithmic pipeline
of localizing landmark of joints from images. Please refer to Section 4 for details
about databases and evaluation metrics.

3.4 3D Motion Estimation

Given a sequence of 2D joints {p1, · · · , pm|pt ∈ R2n}, the corresponding 3D poses
{P1, · · · , Pm|Pt ∈ R3n} can be estimated by optimizing the following objective
function

min
θ
L(θ;p) +Rt(θ) +Ra(θ) (3)

where θ = {P,V,R,T} is the union of all the 3D motion parameters, in which
p = [pT1 · · · pTm]T ∈ R2mn, P = [PT

1 · · · PT
m]T ∈ R3mn, and V = [V T

1 · · · V T
m ]T ∈

R3mn denote the 2D position, the 3D position, and the 3D velocity of each joint,
respectively; pt is the concatenation of l at time t; R = ⊕m

t=1(In⊗Rt) ∈ R3mn×3mn

and T = [1n×1 ⊗ TT
1 · · · 1n×1 ⊗ TT

m]T ∈ R3mn denote the orientation and position
of the person in the camera frame; ⊗ and ⊕ are the Kronecker product and direct
sum respectively; I is the identity matrix.

The first term is the reprojection error which is formulated as:

L(θ;p) = ‖p− h(RP + T)‖2 (4)

where h : R3mn → R2mn performs perspective projection of the 3D joints to the
2D image plane.

The second term enforces the temporal constraints on each joint’s move-
ment speed, the orientation of the person with respect to the camera, and the
corresponding position

Rt(θ) = α‖∇t(P−V)‖2 + βr‖∇tR‖2 + βt‖∇tT‖2 (5)

where ∇t is the discrete temporal derivative operator. The first sub-term pe-
nalizes the inconsistency between position and velocity. The second and third
terms impose first-order smoothness on the orientation and position of the target
person.

The last term imposes the anthropometric constraints on limb lengths

Ra(θ) = γ‖g(P)‖2 (6)

where g computes the length difference of arms and legs between the estimated
poses and the training data.
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Fig. 4. Qualitative illustration of the robustness of the temporal coherence constraints
to inaccurate localization of 2D joints. The ground-truth 2D and 3D skeletons are
colored in black. On the left are three consecutive synthetic height-maps of running
motion, where the localization of the left ankle in the second frame is incorrect. On
the right are the estimated 3D poses by [9] (in blue) and by our method (in red).

Pose-Conditioned Joint Velocity We represent a 3D human pose Pt and the
joint velocity of this pose Vt at time t by a linear combination of a set of bases
B = {b1, · · · , bk} and a mean vector µ

Xt = [PTt , V
T
t ]T = µ+ B∗tωt (7)

{bi}i∈IB∗
t
∈ B∗t ⊂ B (8)

where ωt are the basis coefficients, B∗
t is an optimal subset of an dictionary B

where each column of matrix B∗
t is a basis bi selected with index vector IB∗

t

from B. B is created by concatenating the bases computed from various types
of motions using Principal Component Analysis (PCA).

When training the bases B, each sample is formed by the concatenation of the
3D pose and the joint velocity of this pose. The joint velocity is approximated by
the difference of joint positions in current and the k-th previous frames, where
k = bs3/s2 + 0.5c, in which s2 and s3 are the sampling rates of the input sequence
and motion database respectively.

Based on this representation, the parameter Pt and Vt at time t are defined
as [In 0n](µ + B∗

tωt) and [0n In](µ + B∗
tωt), respectively. The parameter set can

be re-written as θ = {I,Ω,R,T}, where I = {IB∗
1
, · · · , IB∗

m
} is the index vectors,

and Ω = [ωT
1 · · ·ωT

m]T ∈ R3mn represents the coefficient vectors.

The sparse representation of human pose by an overcomplete dictionary has
been adopted in recent work [9,23]. The key difference here is that our dictionary
encodes not only the anthropomorphically plausible 3D poses, but also the pose-
conditioned joint velocity. Fig. 4 shows that the implausible 3D poses estimated
from the inaccurate localization of 2D joints can be corrected by our temporal
coherence constraints.
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Fig. 5. Samples from four datasets for evaluation.

Optimization The objective function in (3) is solved by Projected Matching
Pursuit [9]. In each iteration, we first compute the loss function in (3) for each
frame with the available basis, followed by a frame level optimal basis selec-
tion with basis that contribute to minimum loss. The selected optimal basis is
excluded for the next iteration. Then we estimate {Ω,R,T} in (3) by Levenberg-
Marquardt algorithm [42]. The optimization terminates if the reprojection error
is less than a threshold δ or the number of the basis selected for each frame
reaches φ. R and T are initialized by EPnP algorithm [43] using the known
intrinsic parameters of the calibrated camera.

4 Experiments

In this section, we evaluate the performance of the proposed method from three
perspectives. First, we evaluate the efficacy of the proposed dual-stream ConvNet
for 2D joints localization, which include various single-stream and dual-stream
configurations, as well as comparison against [44]. Second, the evaluation of 3D
motion recovery is made with the ground-truth 2D joint locations, and compared
against [9,23]. Third, we compare the entire pipeline of the proposed framework
against [5,10,28,45]. To keep the consistency with the literature, we use a skeleton
of 14 joints [44] where a virtual root joint is added merely for visualization.
Before computing the 3D error in Section 4.3 and 4.4, the estimated 3D pose
is rigidly aligned with the ground-truth as that in existing works [10,22,23]. For
the 3D evaluation on Human3.6M, we do not perform the rigid alignment on the
resulting motion.

Based on the preliminary experiment, we fix the parameters of the proposed
3D motion estimation method in all experiments, where α = 0.1, βr = 10, βt = 1,
γ = 1, δ = 500 and φ = 15.

4.1 Datasets

We evaluate our approach on four datasets: (1) the synthetic height-maps dataset,
(2) HumanEva dataset [46], (3) Human3.6M dataset [45], and (4) Multi-Camera
Action Dataset (MCAD) [41]. The samples are shown in Fig. 5. We generate
a large scale synthetic height-maps dataset, which consists of 184,872 synthetic
height-maps along with the corresponding 2D and 3D joint locations, which are
generated from 9 characters with 36 surrounding viewpoints. For each charac-
ter there are around 570 poses extracted from five-hour motion capture data
about dancing, walking, fighting, etc. HumanEva [46] is a benchmark dataset
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for 3D pose estimation. It contains synchronized multi-view videos captured by
calibrated cameras and 3D ground-truth motion of 4 subjects performing 6 pre-
defined actions with 3 repetitions. We use the walking and jogging motions of
three subjects in the HumanEva, as that in [5,10], to evaluate the localization of
2D joints and the overall performance of our method. The third dataset we used
is Human3.6M [45], which is currently the largest video pose dataset. It contains
over 3.6 million frames of different human poses, viewed from 4 different angles,
using an accurate human motion capture system. The motions were performed
by 11 human subjects under 15 activity scenarios. Following [28], we split the
dataset to have 5 subjects (S1, S5, S6, S7, S8) for training and 2 subjects (S9,
S11) for testing. As far as the dataset is redundant, we select 1 out of 50 frames
from all 4 cameras for training and every 5-th frame from camera 2 for testing,
using the standard 17 joint skeleton from Human3.6M. The MCAD [41] consists
of 20 persons and 18 actions recorded under 5 non-overlapping surveillance cam-
eras, 14,298 action sequences in total. We manually labeled the 2D joints of all
individuals in one of the cameras. 10 of the human subjects are used for training
and the remaining ones are reserved for testing. All the data is converted into
observer centric view during the pre-processing stage, as in [2].

4.2 Evaluation of 2D Joints Localization

We consider two metrics as indicators to evaluate the performance of 2D joint
localization. The performance analyzed in terms of the Probability of Correct
Keypoints (PCK) metric proposed in [16], which measures the accuracy using
a curve of the percentage of correctly localized joints by varying localization
precision threshold. In this work, we also adopt the strict Probability of Correct
Pose (PCP) proposed by Chen et al. [2], where a body part is considered as
correct if both of its joints lie within 50% of the length of the ground-truth
annotated endpoints. Based on the project site of [47]2, we select [2] as the
baseline for 2D joint localization as it achieved the best performance for the
time being.

Evaluation on MCAD We first compare the proposed 2D joints localization
method (RGB-H) with the one solely relying on color images (RGB) [2] or height-
maps on the test set of MCAD. The ConvNets of these three methods are fine-
tuned on the training set of MCAD with 30,000 iterations and a learning rate
of 0.001. Then the part based graphical models are also re-trained based on the
fine-tuned ConvNets. As shown in Fig. 6(a), although the model solely based
on height-maps achieves lower accuracy than [2], combining color images and
height-maps indeed improves the precision.

Next, we compare our dual-stream ConvNet against another single-stream
ConvNet on the test set of MCAD. The single-stream ConvNet has exactly the
same structure as the one in [2] except that the input dimension of the first layer
is 4 (denoted as “4-channels RGB-H”). This model is trained from scratch on the

2 https://cse.sc.edu/%7Efan23/projects/cvpr15/cvpr15.html

https://cse.sc.edu/%7Efan23/projects/cvpr15/cvpr15.html
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Fig. 6. Evaluation of 2D joints localization with RGB [2], RGB-H, RGB-S (RGB-
Silhouette), H (height-maps), 4-channels RGB-H and STM-A4-AVE [44] respectively
on the MCAD, HumanEva and Human3.6M.

Table 1. Evaluation of 2D joints localization on Human3.6M. The numbers are PCK
accuracy at threshold 0.2.

Directions Discussion Eating Greeting Phoning Photo Posing Purchases

STM-A4-AVE [44] 67.6 62.3 55.1 68.9 56.5 54.9 57.6 47.7
Chen et al. [2] 98.8 95.5 98.1 97.6 93.9 89.5 98.6 85.6
Ours 99.0 96.9 98.9 98.4 96.5 94.0 99.2 93.8

Sitting SittingDown Smoking Waiting WalkDog Walking WalkTogether Mean

STM-A4-AVE [44] 42.4 26.2 58.7 65.9 61.2 81.5 79.4 59.1
Chen et al. [2] 94.1 70.5 94.4 96.3 88.6 98.0 97.7 93.5
Ours 95.0 77.2 96.1 98.2 94.3 98.7 98.9 95.8

training set of MCAD. As shown in Fig. 6(a), the performance of dual-stream
ConvNet is much better than that of single-stream ConvNet, especially for wrist
joints which registers an improvement of 32.6 percentage points.

To investigate whether the body silhouette could achieve similar performance
as height-map, we train and test a RGB-Silhouette (RGB-S) based model using
the exactly same settings in the RGB-H case. Fig. 6(a) shows that RGB-H
outperforms RGB-S.

Evaluation on HumanEva We compare three models (RGB, RGB-H and
RGB-S) on the test set of HumanEva, where these models are trained on MCAD
and not re-trained on this dataset. Because our definition of head and neck are
different from HumanEva, we discard these two joints and evaluate with the
remaining joints. As Fig. 6(b) shows, the precision of the estimated locations
of the endsites are obviously improved by using RGB-H images, and the model
based on the body silhouette does not generalize well on HumanEva.



12 authors running

RAnk LAnk RKne LKne RWri LWri RElb LElb RHip LHip RSho LSho Neck Head

E
rr

or
 (

%
)

0

10

20

30

40

50

60

70

Akhter et al. (Mean: 36.9%)
Akhter et al. filtered (Mean: 32.3%)
Ramakrishna et al. (Mean: 23.2%)
Ramakrishna et al. filtered (Mean: 20.9%)
Ours (Mean: 15.3%)

Fig. 7. Evaluation of 3D motion recovery with known 2D joints. The respective average
error is shown in the legend. The estimated poses of [23] and [9] are further filtered by
zero-phase Butterworth filter (3rd order, 0.2 Hz for [23]; 2nd order, 1.7 Hz for [9]).

Evaluation on Human3.6M We compare the proposed method with [2] and
STM-A4-AVE [44] on the test set (S9 and S11) of Human3.6M. Our model
and [2] are fine-tuned on the training set of Human3.6M using the same settings
in the experiment on MCAD. As shown in Fig. 6(c) and Table 1, our method
significantly outperforms others, especially in terms of PCP metric.

4.3 Evaluation of 3D Motion Recovery with Ground-Truth 2D
Joints

We compare the proposed 3D motion recovery method with others on a sequence
of 154 consecutive frames of synthetic motion of running around a circle, where
the 2D joints locations are known. The character is driven by the retargeted mo-
tion capture data of CMU motion capture database [48]. We use the source codes
provided by [9] and [23]. We train the bases of our model and [9] on “running”,
“walking”, “jumping” and “boxing” motions of CMU motion capture database
by fixing the position and orientation of the root joint and concatenating PCA
components which retrained 99% of the variance from each motion category.
For [23], we directly test the provided model without re-training. We also report
the result of [9,23] with simple smoothing filter. We use zero-phase Butterworth
filter whose parameters are optimized with grid search. We report the relative
reconstruction error proposed by [23], which is a distance measure relative to
the length of the backbone of the ground-truth skeleton. Fig. 7 shows that our
method achieves a lower reconstruction error.

4.4 Evaluation of 3D Motion Recovery with Predicted 2D Joints

In this section, we quantify the performance of 3D motion estimation as a dis-
tance measurement relative to the length of the backbone of the ground-truth
skeleton [23]. Specifically, we report Root Mean Square (RMS) error on Hu-
manEva and mean per joint position error on Human3.6M. Note that the differ-
ence in the evaluation scheme on HumanEva is to ensure consistency with [5].
Different from Section 4.3, we compare our entire pipeline which estimates 3D
pose from raw RGB images and the corresponding height-maps.
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Table 2. Evaluation of 3D motion estimation on 3 subjects of the HumanEva dataset.
The value in each cell are the RMS error and standard deviation in millimeter.

Walking Jogging

S1 S2 S3 Mean S1 S2 S3 Mean

[10] 99.6 (42.6) 108.3 (42.3) 127.4 (24.0) 111.8 109.2 (41.5) 93.1 (41.1) 115.8 (40.6) 106.0
[5] 71.9 (19.0) 75.7 (15.9) 85.3 (10.3) 77.6 62.6 (10.2) 77.7 (12.1) 54.4 (9.0) 64.9
Ours 62.2 (18.6) 61.9 (13.2) 69.2 (22.4) 64.4 56.3 (15.4) 59.3 (14.4) 59.3 (15.5) 58.3

Table 3. Evaluation of 3D motion estimation on Human3.6M dataset. The error are
reported in mean per joint position error (MPJPE) [45].

Directions Discussion Eating Greeting Phoning Photo Posing Purchases Sitting

LinKDE [45] 132.71 183.55 132.37 164.39 162.12 205.94 150.61 171.31 151.57
Li et al. [28] - 136.88 96.94 124.74 - 168.68 - - -
Ours 85.07 112.68 104.90 122.05 139.08 135.91 105.93 166.16 117.49

SittingDown Smoking Waiting WalkDog Walking WalkTogether Mean (6 actions) Mean (15 actions)

LinKDE [45] 243.03 162.14 170.69 177.13 96.60 127.88 160.00 162.14
Li et al. [28] - - - 132.17 69.97 - 121.56 -
Ours 226.94 120.02 117.65 137.36 99.26 106.54 118.69 126.47

We first evaluate our proposed framework against state-of-the-art [5,10] on
the HumanEva. To ensure consistency with [5], the reconstruction error is com-
puted on 12 joints3. As shown in Table 2, our method significantly outperforms
others in 5 out of 6 tests and achieved the mean reconstruction error of 64.4
mm and 58.3 mm on walking and jogging motion respectively, which is around
17.0% and 10.2% reduction from [5]. In addition, our results is comparable to the
state-of-the-art performance (66.5 mm) [8]. However, we would like to highlight
that [8] is a multi-view deep-learning based approach, which has the advantage
of richer information from multiple views. It should also be noted that we didn’t
fine-tune our model on the HumanEva.

The second evaluation is conducted on the Human3.6 with results shown in
Table 3. Our proposed approach outperforms [45] on almost all actions with an
overall improvement of around 22%. Comparing with [28], we achieved better
results on 3 out of 6 actions and the mean error favors our framework. Note
that [28] is significantly better on the Walking action, while our approach stands
out on the Discussion and Photo action.

And finally, we show the qualitative results of our proposed method on three
persons from the MCAD [41]. As shown in Fig. 8, the localized 2D joints resemble
that from the ground-truth label and the resultant 3D pose from the recovered
3D motion is good.

5 Conclusion

Monocular 3D human pose estimation is a highly ambiguous problem that re-
quires introducing additional knowledge [11]. In this work, we studied the efficacy

3 the left and right shoulders, elbows, wrists, hips, knees and ankles
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(a)

(b)

(c)

(d)

(e)

Fig. 8. Qualitative result of the proposed framework of 3 persons (left, middel
and right) from the MCAD [41]. (a) Image sequence, (b) Computed height-maps,
(c) Ground-truth of 2D joints, (d) Localized 2D joints, and (e) Recovered 3D motion.

of height-map as a type of built-in prior knowledge to detect the anatomical land-
marks of a human body, as well as enforce the temporal constraints on the camera
and 3D poses for improved skeleton-based human pose estimation. Together with
both components, we achieved state-of-the-art performance for both 2D joints
localization and 3D motion estimation over two benchmark datasets (HumanEva
& Human3.6M) and a real-world surveillance dataset (MCAD). The codes and
the annotations of MCAD are available at http://zju-capg.org/heightmap.

Moreover, we evaluate our single view RGB-H approach with a state-of-the-
art multi-view approach [8] on the walking motion from HumanEva dataset. On
average, the spatial precision difference in detected joints is very close to each
other on the mean reconstruction error. This suggests that our single view RGB-
H method is very competitive for some real-world applications, such as human
behavior analysis for event alert system, which usually require highly accurate
3D motion recovery from monocular video clips. This also enables us to utilize
the millions of monocular cameras from the existing surveillance networks where
camera can be calibrated with a reasonable amount of effort.

For future work, we aim to extend our framework to accommodate complex
human motion (e.g., break dance, yoga exercise, etc.), where the height-map may
fail to indicate the anatomical structure. We are also interested in scenarios to
recover 3D human motion with sporadic partial human body occlusion.
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