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HUMAN POSE ANALYSIS SYSTEM AND METHOD

TECHNICAL FIELD

[0001] The present invention relates to the field of human pose analysis, and more

particularly to human pose analysis systems and methods using lightweight convolutional

neural networks (CNNGs).

BACKGROUND

[0002] Early approaches for human pose analysis use visible markers attached on a

person's body to be recognized by a camera or use images captured by depth sensor to
understand shape of person or localize body parts. There have been attempts to analyze
commonly available color images using classical computer vision techniques such as image
feature detection approaches or structural analysis. These methods were not robust enough

to handle a variety of natural images.

[0003] More recently robust methods to localize human body joints and construct
human skeletons in 2D image space were proposed. These methods are implemented based

on deep neural network models that are trained with large scale image database.

[0004] Multiple aspects of analysis can be made for a person in an image such as
body skeleton in image, body shape, 3-dimensional body skeleton, detailed poses of each
body part such as hands. Most of existing methods focus on analysing a single aspect of a
person. Some methods localize a person and segment the body silhouette in image. Other
methods localize only a person's hands and their joints. A unified analysis of a person's

image makes possible a better understanding of human pose.

[0005] Also, most of robust methods require heavy computations for real-time
analysis, which prohibits the implementation in inexpensive devices such as consumer

electronics or mobile devices.

[0006] Therefore, there is a need for an improved method and system for human

pose analysis.
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SUMMARY

[0007] According to a first broad aspect, there is provided a system for extracting
human pose information from an image, comprising: a feature extractor for extracting
human-related image features from the image, the feature extractor being connectable to a
database comprising a dataset of reference images and provided with a first convolutional
neural network (CNN) architecture including a first plurality of CNN layers, each
convolutional layer applies convolutional operation to its input data using trained kernel
weights; and at least one of the following modules: a 2D body skeleton detector for
determining 2D body skeleton information from the human-related image features; a body
silhouette detector for determining body silhouette information from the human-related
image features; a hand silhouette detector for determining hand silhouette detector from the
human-related image features; a hand skeleton detector for determining hand skeleton from
the human-related image features; a 3D body skeleton detector for determining 3D body
skeleton from the human-related image features; and a facial keypoints detector for
determining facial keypoints from the human-related image features, wherein each one of
the 2D body skeleton detector, the body silhouette detector, the hand silhouette detector, the
hand skeleton detector, the 3D body skeleton detector and the facial keypoints detector is
provided with a second convolutional neural network (CNN) architecture including a

second plurality of CNN layers.

[0008] In one embodiment of the system, the feature extractor comprises: a low-
level feature extractor for extracting low-level features from the image; and an intermediate
feature extractor for extracting intermediate features, the low-level features and the

intermediate features forming together the human-related image features.

[0009] In one embodiment of the system, at least one of the first and second

architecture comprises a deep CNN architecture.

[0010] In one embodiment of the system, one of the first and second CNN layers

comprise lightweight layers.
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[0011] According to another broad aspect, there is provided a method for extracting
human pose information from an image, comprising: receiving an image; extracting human-
related image features from the image using a feature extractor, the feature extractor being
connectable to a database comprising a dataset of reference images and provided with a
first convolutional neural network (CNN) architecture including a first plurality of CNN
layers, each convolutional layer applies convolutional operation to its input data using
trained kernel weights; and determining the human pose information using at least one of
the following modules: a 2D body skeleton detector for determining 2D body skeleton
information from the human-related image features; a body silhouette detector for
determining body silhouette information from the human-related image features; a hand
silhouette detector for determining hand silhouette detector from the human-related image
features; a hand skeleton detector for determining hand skeleton from the human-related
image features; a 3D body skeleton detector for determining 3D body skeleton from the
human-related image features; and a facial keypoints detector for determining facial
keypoints from the human-related image features, wherein each one of the 2D body
skeleton detector, the body silhouette detector, the hand silhouette detector, the hand
skeleton detector, the 3D body skeleton detector and the facial keypoints detector is
provided with a second convolutional neural network (CNN) architecture including a

second plurality of CNN layers.

[0012] In one embodiment of the method, the feature extractor comprises: a low-
level feature extractor for extracting low-level features from the image; and an intermediate
feature extractor for extracting intermediate features, the low-level features and the

intermediate features forming together the human-related image features.

[0013] In one embodiment of the method, at least one of the first and second

architecture comprises a deep CNN architecture.

[0014] In one embodiment of the method, one of the first and second CNN layers

comprise lightweight layers.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0015] Further features and advantages of the present invention will become

apparent from the following detailed description, taken in combination with the appended

drawings, in which:

[0016] Figure 1 is a block diagram illustrating a system for extracting human pose

information from an image, the system comprising a feature extractor, a 2D body skeleton

detector, a body silhouette detector, a hand silhouette detector and 3D body skeleton

detector, a facial keypoint detector and a hand skeleton detector, in accordance with an

embodiment;

[0017] Figure 2 is a block diagram illustrating the feature extractor of Figure 1,

accordance with an embodiment;

[0018] Figure 3 is a block diagram illustrating the 2D body skeleton detector

Figure 1, in accordance with an embodiment;

[0019] Figure 4 is a block diagram illustrating the body silhouette detector

Figure 1, in accordance with an embodiment;

[0020] Figure 5 is a block diagram illustrating the hand silhouette detector

Figure 1, in accordance with an embodiment;

[0021] Figure 6 is a block diagram illustrating the hand skeleton detector

Figure 1, in accordance with an embodiment;

[0022] Figure 7 is a block diagram illustrating the 3D body skeleton detector

Figure 1, in accordance with an embodiment;

[0023] Figure 8 is a block diagram illustrating the facial keypoint detector

Figure 1, in accordance with an embodiment; and

in
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[0024] Figure 9 is a block diagram of a processing module adapted to execute at
least some of the steps of the extraction of human pose information, in accordance with an

embodiment.

[0025] It will be noted that throughout the appended drawings, like features are

identified by like reference numerals.

DETAILED DESCRIPTION

[0026] Figure 1 illustrates one embodiment of a system 10 for extracting human

pose information from an image. The system 10 is configured for receiving images, localize
humans within the received images and automatically infer human pose information from

each image.

[0027] In one embodiment, the human pose information comprises geometric
information of human skeletons and body part shapes. Human skeletons may be expressed
by bone joint locations and/or bone orientations with lengths and body part shapes can be
expressed as silhouettes and/or surface meshes with locations. For example, human pose
information may include information such as 2D and/or 3D body skeletons with human
joints, body shapes or silhouettes, and/or skeletons and silhouettes of body part like hand,

etc.

[0028] The system 10 is configured to first extract from the images human-related
image features that are learned by an image dataset and determine the human pose

information from the extracted human-related image features.

[0029] In one embodiment, the human-related image features comprise primitive
information related to human bodies and human body parts obtained from an image, such
as points, edges, lines, contours, intensities, gradients, contrasts of small to large objects in

an image, relations of those objects, etc.

[0030] In one embodiment, the data set comprises a set of reference images with
and without human beings and ground-truth labels related to human body geometry. Labels

may include 2D body joint locations (x,y) and visibilities (such as not available, visible,

-5-
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existing in image but occluded) in image; 2D hand joint locations and visibilities in image;
2D face keypoints locations and visibilities in image, a silhouette of a human body, a
silhouette of a hand, 3D body joint locations, etc. It should be understood that not all

reference images contained in the data set have all the labels associated thereto.

[0031] In one embodiment, the data set of reference images comprises at least tens

of thousands of images for training and may be qualified as being large scale.

[0032] The system 10 uses convolutional neural network (CNN) architecture for
robust estimation of the pose information. CNNs are composed of convolutional neural
network layers, hereinafter referred to as convolutional layers. Each convolutional layer
receives input data or processed data from previous convolutional layer(s) and sends its
output data to the following layer(s) after applying a convolutional operation to its input
data. In one embodiment, the output of a convolutional layer is in the form of a tensor or a

multi-dimensional array.

[0033] Each convolutional layer applies convolutional operation to its input data
using trained kernel weights. The training of the weights of convolutional layers is
performed by backpropagation technique using the dataset of reference images. In one
embodiment, each convolutional layer is configured for applying a nonlinear activation
function such as a rectified linear unit (ReLU) to the input data to allow for more robust
decision of CNNs. It should be understood that functions other than ReLU functions may

be used by the convolutional layers.

[0034] In one embodiment, the system 10 uses deep CNNs. In one embodiment, the
CNNs comprise at least three convolutional layers. In comparison to a shallow architecture
with a small number of layers, a deep CNN architecture preserves more neurons or weights
and possibly accommodates a variety of input data and analyzes them robustly without

being influenced by noise or clutter.

[0035] In the same or another embodiment, the CNN architecture comprises
lightweight convolutional layers. In this case, each convolutional layer is made

“computationally light” by reducing the number of kernels and/or their size and/or by

-6 -
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applying down-sampling. In this case, the architecture may be adequate for real-time

human pose analysis performed on a low-end device.

[0036] In one embodiment, the following approach for the CNN architecture is
followed.
[0037] The convolutional layers that do not significantly influence the accuracy of

estimated results may be eliminated. For example, pooling layers that also perform down-
sampling may be removed and a neighboring convolution layer located before a pooling

layer may perform down-sampling during its convolutional operation.

[0038] A minimal input image resolution may be chosen by considering common
person size in an image. For example, a person of 80x80 pixels in an image can be robustly
analyzed without losing much human-related image features. A lower resolution image may
present a lack of details, but it may be sufficient for a good approximation of body pose. In
one embodiment, the resolution of the image is 48x48. In another embodiment, the
resolution of the image is 96x96. In a further embodiment, the resolution of the image is

256x144. In still another embodiment, the resolution of the image is 400x320.

[0039] Receptive fields of a person may be considered in order to decide the
number of convolutional layers and their kernel sizes by limiting the maximum resolution
to be analyzed. For instance, a region with 84x84 pixels can be covered by two convolution
layers with 11x11 kernels after down-sampling an input image by 4. Ten 3x3 convolution

layers can cover the same region with more layers yet less computational cost.

[0040] The output depth size defined in each convolutional layer may be reduced as
long as the resulting accuracy is higher than a minimum target accuracy chosen by the user.
The computational cost is proportional to the kernel size in each dimension (kernel width,
height, and depth) as well as output depth size. Size of weights may be decided by the
multiplied sum of kernel width, height, and depth in addition to the number of biases.
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[0041] A CNN model is a collection of weights and biases learned by a machine
given a dataset and designed architecture. The CNN model may be chosen empirically to

provide the highest accuracy.

[0042] Referring back to Figure 1, the system comprises a feature extractor 30 in
communication with a database 20. The system also comprises a 2D body skeleton
detector 40, a body silhouette detector 60, a hand silhouette detector 70 and 3D body
skeleton detector 90, which are all in communication with the feature extractor 30. The
system 10 further comprises a facial keypoint detector 50 in communication with the 2D
body skeleton detector 40 and a hand skeleton detector 80 in communication with the hand

silhouette detector 70.

[0043] The database 20 comprises the data set of reference images stored therein. In
one embodiment, the database 20 is stored in a memory that is comprised in the system 10.
In another embodiment, the database 20 is stored in a memory that is not included in the

system 10.

[0044] As illustrated in Figure 2, the feature extractor 30 comprises a low-level

feature extractor 110 and at least one intermediate feature extractor 120.

[0045] With reference to Figure 2, the feature extractor 30 is composed of a low-
level feature extractor 110 and one or more intermediate feature extractor 120. The low-
level feature extractor 110 is configured for receiving an image and extracting from the
image low-level features that represent elemental characteristics of local regions in an
image such as intensities, edges, gradients, curvatures, points, object shapes and/or the like.
The intermediate feature extractor 120 is (are) configured for receiving the low-level
features and determining intermediate features which correspond to high-level features
obtained by correlating the low-level features extracted by the low-level feature
extractor 110 and are related to human pose information such as shapes and/or relations of
body parts. The low-level features and the intermediate features form together the human-

related image features outputted by the feature extractor 30.
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[0046] As illustrated in Figure 2, the low-level extractor 110 comprises repeated
blocks in different image scales and each block comprises a series of convolutional layers

with ReLU activations.

[0047] The low-level feature extractor 110 preserves generic image features such as
edges, contours, blobs, their orientations, or some other observations learned from large

scale image dataset.

[0048] A proven CNN architecture such as Inception, VGG, and ResNet can be
considered for backbone networks. Lightweight backbone networks can be designed for
reduced computational cost while preserving the minimum human pose-related features as

mentioned above.

[0049] The intermediate feature extractor 120 is configured for intermediate
supervision when a CNN model is trained. Intermediate supervision allows for the training
of a CNN model by adding loss layers in the middle layers (or output layers of intermediate
feature extractors) in addition to the last output layer. In neural networks, a loss layer
compares difference between the output layer and ground-truth data and propagate

backward to train weights and biases in each layer.

[0050] The number of convolutional layers present in the intermediate feature
extractors 120 and their parameters for each intermediate stage are tailored by the size of
input image and target objects, i.e. humans, as described above. Each intermediate stage is
trained using the dataset of reference images. For example, a stack of 2D joint heat map in
which the human joints in an image are marked in the same location may be generated
using 2D joint locations. The exact joint location on the heat map has high response value
while the location has low or no response value if the distance from the joint location is
farther. The ground-truth heat maps that are generated from the dataset using the annotated
2D joint locations are compared to the estimated heat maps that are inferred from the
training model during the model training. The model is trained by adjusting weight and bias
values by repeating forward and backward propagation process throughout the connected

layers in the neural networks.
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[0051] In one embodiment, by training multiple stages of the convolutional layers
of the intermediate feature extractors 120, the features related to human poses are refined
through deeper network layers and therefore more robust results may be obtained. In

addition, the model training becomes more efficient.

[0052] The output of each layer in the low-level feature extractor 110 and the
intermediate feature extractors 120 form the human-related image features which can be
presented as human-related image feature tensors. Depending on the purpose, a subset of

the human-related image feature tensors can be used for detailed human pose analysis.

[0053] Figure 3 illustrates one embodiment of a 2D body skeleton detector 40
which comprises a 2D body joint estimation network 210 and a post-processing

module 220.

[0054] The 2D body skeleton detector 40 receives as input a subset of the human-
related image features generated by the feature extractor 30 and generates 2D joint heat
maps as output. The subset of the human-related image features comprises a combination of
output feature tensors of different convolution layers of the feature extractor 30 that

preserve distinctive features related to human joints and shapes.

[0055] In one embodiment, it may be difficult to measure the quality of each output
feature tensor. In this case, the convolution layers that are close to the end of the low-level
feature extractor 110 and/or the intermediate feature extractor 120 can be considered since
they are normally refined throughout the convolution layers. For example, the output
feature tensors of the last convolution layers in the low-level feature extractor 110 and N-th
intermediate feature extractor 110 can be chosen to provide data to the 2D body skeleton
detector 40. Once the input feature subset is processed, the 2D body skeleton detector 40
infers the estimated heat maps, which are used to decide the candidates of joint locations
that are local maxima in the heat maps and a heat map response value is over a manually
defined threshold. When a plurality of persons is present in an image, joint clustering is

performed to separate the persons and construct skeletons during the post-processing step.

-10 -
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[0056] Figure 4 illustrates one embodiment of the body silhouette detector 60 which
comprises a body silhouette segmentation module 310 comprising convolutional layers and

a post-processing module 320.

[0057] The body silhouette detector 60 is configured for segmenting all the human
bodies in an image and generating a mask image for human bodies. The convolutional
layers of the body silhouette segmentation 310 receive the human-related image feature
tensors from the feature extractor 30 and construct a body mask image with human body
silhouettes. Masks are used to segment different objects in an image by applying bitwise
masking to each pixel. A body mask image is a binary image where a mask value is 1 if a
pixel belongs to a human and non-human pixel is 0. Since the scale of the human-related
image feature tensors is reduced normally by factor of 2 to 16 compared to an input image
width and height, upscaling can be performed during the convolutional operations to

increase the body mask image resolution and preserve more details.

[0058] The post-processing module 320 takes the inferred mask image from the
body silhouette segmentation module 310 and resizes the mask image to the same
resolution as the source input image. The body mask image can then be used for identifying

the location and shape of a person in an image.

[0059] Figure 5 illustrates one embodiment for the hand silhouette detector 70
which comprises a hand silhouette segmentation module 410 formed of convolutional

layers and a post-processing module 420.

[0060] The hand silhouette detector module 410 is configured for segmenting the
hands of the human bodies present in an input image and generates mask images for left
and/or right hand similarly to the body silhouette detector 60. The convolutional layers of
the hand silhouette segmentation module 410 receives the human-related image feature
tensors from the feature extractor 30 and constructs hand mask images with human body

silhouettes.

[0061] The post-processing module 420 is configured for resizing the inferred hand

mask images. The hand mask images may then be used for identifying the location and

-11 -



WO 2020/000096 PCT/CA2019/050887

shape of visible hands in an image. This information can be used for further analysis of

each hand pose.

[0062] In one embodiment, the hand silhouette detector 70 can be merged with the
body silhouette detector 60 and the merged detectors 60 and 70 can be trained together. The
neural network layers in these merged detectors may be shared for more efficient

computations.

[0063] Figure 6 illustrates one embodiment for the hand skeleton detector 80 which
comprises a hand joint estimation module 510 comprising convolutional layers and a post-

processing module 520.

[0064] The hand skeleton detector 80 receives an image of a hand, i.e. a hand
image, and estimates hand joints in the hand image. The hand image may be any image of a
hand such as an image not specified in the system. Alternatively, the hand image may be a
hand image cropped from an input image data 20 using a hand region (or bounding box)

detected by the hand silhouette detector 70.

[0065] The hand joint estimation module 510 can be designed with a similar
architecture that combines the architecture of the feature extraction networks 110 and 120
and the architecture of the 2D body joint estimation networks 210. In one embodiment, the
hand skeleton detector 80 can be designed to directly receive the human-related image

feature tensors from the feature extractor 30.

[0066] The post-processing module 520 for hand pose estimation takes the
estimated heat maps and decides the candidates of joint locations and constructs a hand

skeleton.

[0067] Figure 7 illustrates one embodiment for the 3D body skeleton detector 90
which comprises a 3D body joint estimation module 610 comprising convolutional layers

and a post-processing module 620.

[0068] The 3D body skeleton detector 90 is configured for estimating 3D

coordinates of human body joints from a single image. The 3D body skeleton detector 90

-12 -
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receives human-related image feature tensors and estimates normalized 3D coordinates of
a human body detected in an image. The post-processing module 620 is configured for

mapping the normalized 3D locations into image and real-world spaces.

[0069] Figure 8 illustrates one embodiment for the facial keypoints detector 50
which comprises a facial keypoints estimation module 710 comprising convolutional

layers, and a post-processing module 720.

[0070] The facial keypoints detector 50 receives a cropped facial image decided by
the 2D body skeleton detector 40 which estimates rough location of facial keypoints such as
eyes, ears, nose, and/or the like. The locations of more detailed keypoints such as contour
points of eyes, upper and lower lips, chin, eyebrows, nose, etc. are estimated by the
convolutional layers of the facial keypoints estimation module 710. Alignment of detected
facial keypoints and/or outlier filtering may be performed by the post-processing

module 720.

[0071] It should be understood that the same human-related image features
determined by the feature extractor 30 are shared by at least some of the detectors 40-90 to
infer the human pose information. In one embodiment, the feature extractor 30 determines
all the human-related image features that can be obtained from an image and stores them at

each neural network layer in a tensor form.

[0072] In one embodiment, the feature extractor 30 can be designed by explicitly
defining feature descriptors such as scale-invariant feature transform (SIFT) and histogram
of oriented gradients (HOG). Such a feature extractor pre-defines image features regardless

of the dataset.

[0073] In one embodiment, the extractor 30 and the detectors 40-90 are each
provided with at least one respective processor or processing unit, a respective
communication unit and a respective memory. In another embodiment, at least two of the
group consisting of the extractor 30 and the detectors 40-90 share a same processor, a same
communication and/or a same memory. For example, the extractor 30 and the detectors 40-

90 may share the same processor, the same communication unit and the same memory. In
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this case, the extractor 30 and the detectors 40-90 may correspond to different modules
executed by the processor of a computer machine such as a personal computer, a laptop, a

tablet, a smart phone, etc.

[0074] While the above description refers to the system 10 comprising the
detectors 40-90, it should be understood that the system 10 may comprise only one of the
detectors 40-90. For example, the system 10 may comprise at least two of the detectors 40-

90.

[0075] In one embodiment, the sharing of the same human-related image features
between a plurality of detectors makes the analysis consistent and fast by minimizing

computations for each detector.

[0076] Figure 9 is a block diagram illustrating an exemplary processing module 800
for executing the above described pose information extraction from an image, in
accordance with some embodiments. The processing module 800 typically includes one or
more Computer Processing Units (CPUs) and/or Graphic Processing Units (GPUs) 802 for
executing modules or programs and/or instructions stored in memory 804 and thereby
performing processing operations, memory 804, and one or more communication buses 806
for interconnecting these components. The communication buses 806 optionally include
circuitry (sometimes called a chipset) that interconnects and controls communications
between system components. The memory 804 includes high-speed random access
memory, such as DRAM, SRAM, DDR RAM or other random access solid state memory
devices, and may include non-volatile memory, such as one or more magnetic disk storage
devices, optical disk storage devices, flash memory devices, or other non-volatile solid state
storage devices. The memory 804 optionally includes one or more storage devices remotely
located from the CPU(s) 802. The memory 804, or alternately the non-volatile memory
device(s) within the memory 804, comprises a non-transitory computer readable storage
medium. In some embodiments, the memory 804, or the computer readable storage medium
of the memory 804 stores the following programs, modules, and data structures, or a subset

thereof:
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a feature extraction module 810 for extracting human-related image features

from an image;

a 2D body skeleton detection module 812 for estimating 2D body joint

positions;

a body silhouette detection module 814 for identifying and segmenting body
silhouettes;

a hand silhouette detection module 816 for identifying and segmenting hand
silhouettes;

a 3D body skeleton detection module 818 for estimating 3D body joint
positions;

a facial keypoints detection module 820 for estimating facial keypoint

positions: and
a hand skeleton detection module 822 for estimating hand joint positions.

[0077] Each of the above identified elements may be stored in one or more of the
previously mentioned memory devices, and corresponds to a set of instructions for
performing a function described above. The above identified modules or programs (i.e., sets
of instructions) need not be implemented as separate software programs, procedures or
modules, and thus various subsets of these modules may be combined or otherwise re-
arranged in various embodiments. In some embodiments, the memory 804 may store a
subset of the modules and data structures identified above. Furthermore, the memory 804

may store additional modules and data structures not described above.

[0078] Although it shows a processing module 800, Figure 9 is intended more as
functional description of the various features which may be present in a management
module than as a structural schematic of the embodiments described herein. In practice, and
as recognized by those of ordinary skill in the art, items shown separately could be

combined and some items could be separated.
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[0079] The embodiments of the invention described above are intended to be
exemplary only. The scope of the invention is therefore intended to be limited solely by the

scope of the appended claims.
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A system for extracting human pose information from an image, comprising:

a feature extractor for extracting human-related image features from the

image, the feature extractor being connectable to a database comprising a dataset of

reference images and provided with a first convolutional neural network (CNN)

architecture including a first plurality of CNN layers, each convolutional layer applies

convolutional operation to its input data using trained kernel weights; and

at least one of the following modules:

a 2D body skeleton detector for determining 2D body skeleton

information from the human-related image features;

a body silhouette detector for determining body silhouette

information from the human-related image features;

a hand silhouette detector for determining hand silhouette detector

from the human-related image features;

a hand skeleton detector for determining hand skeleton from the

human-related image features;

a 3D body skeleton detector for determining 3D body skeleton from

the human-related image features; and

a facial keypoints detector for determining facial keypoints from the

human-related image features,

wherein each one of the 2D body skeleton detector, the body silhouette detector, the hand

silhouette detector, the hand skeleton detector, the 3D body skeleton detector and the facial

keypoints detector is provided with a second convolutional neural network (CNN)

architecture including a second plurality of CNN layers.
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2. The system of claim 2, wherein the feature extractor comprises:

a low-level feature extractor for extracting low-level features from the

image; and

an intermediate feature extractor for extracting intermediate features, the
low-level features and the intermediate features forming together the human-related image

features.

3. The system of claim 1 or 2, wherein at least one of the first and second

architecture comprises a deep CNN architecture.

4. The system of any one of claims 1 to 3, wherein one of the first and second

CNN layers comprise lightweight layers.

5. A method for extracting human pose information from an image,

comprising:
receiving an image;

extracting human-related image features from the image using a feature
extractor, the feature extractor being connectable to a database comprising a dataset of
reference images and provided with a first convolutional neural network (CNN)
architecture including a first plurality of CNN layers, each convolutional layer applies

convolutional operation to its input data using trained kernel weights; and

determining the human pose information using at least one of the following

modules:

a 2D body skeleton detector for determining 2D body skeleton

information from the human-related image features;

a body silhouette detector for determining body silhouette

information from the human-related image features;
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a hand silhouette detector for determining hand silhouette detector

from the human-related image features;

a hand skeleton detector for determining hand skeleton from the

human-related image features;

a 3D body skeleton detector for determining 3D body skeleton from

the human-related image features; and

a facial keypoints detector for determining facial keypoints from the

human-related image features,

wherein each one of the 2D body skeleton detector, the body silhouette detector, the hand
silhouette detector, the hand skeleton detector, the 3D body skeleton detector and the facial
keypoints detector is provided with a second convolutional neural network (CNN)

architecture including a second plurality of CNN layers.
6. The method of claim 5, wherein the feature extractor comprises:

a low-level feature extractor for extracting low-level features from the

image; and

an intermediate feature extractor for extracting intermediate features, the
low-level features and the intermediate features forming together the human-related image

features.

7. The method of claim 5 or 6, wherein at least one of the first and second

architecture comprises a deep CNN architecture.

8. The method of any one of claims 5 to 7, wherein one of the first and second

CNN layers comprise lightweight layers.
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