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EXECUTIVE SUMMARY 

The present document is a deliverable of the CoLLaboratE project, funded by the European 

Commission’s Directorate-General for Research and Innovation, under the Horizon 2020 

Research and innovation programme (H2020). This deliverable aims at presenting the results of 

Task T4.5 “Multimodal Learning of Assembly Tasks (preliminary)”. It is developed within the 

scope of WP4 responsible for determining the “Teaching from Demonstration and Self-learning 

Framework”. 

As stated in the DoA, the main objective of task T4.5 is to increase the synergy between the 

different learning modules that are based in visual, tactile and kinesthetic data, by investigating 

deep neural network architectures in order to improve the overall performance of the system. 

The current document describes the theoretical and practical research conducted up to this 

stage, regarding machine learning approaches using multi-modal data. The focus has been on 
state-of-the-art 3D human pose estimation during visual demonstration of collaborative 

assembly tasks. The results are utilizedby the functional components developed in task T4.1 

“Modelling of Collaborative Assembly Tasks through Human Demonstration” on teaching the 

robots from visual demonstrations. The 3D human pose estimation is based on the input of an 

RGBD sensor utilizing both RGB and depth information as inputs to a deep neural network 

learning scheme. A detailed description of the proposed approach is presented. Also, different 

components and models are described, which were tested or implemented in our system in 

order to assess its accuracy. 

In addition, extensive description of the two datasets that were used for the experiments is 

given, as well as a detailed evaluation report which can be deemed as the first step for us to infer 

the most efficient and accurate method for our system. A more thorough presentation and 

description results related to task T4.5 “Multimodal Learning of Assembly Tasks (preliminary)” 

will be submitted in an updated version (D4.10) of the deliverable D4.9, which is due in month 

30, where different learning problems will be addressed connected to other tasks of WP3 and 

WP4. 
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1 INTRODUCTION 

This deliverable (D4.9 – “Multimodal Learning of Assembly Tasks (preliminary)”) presents the 

datasets, methods, training and evaluation needed to implement 3D human pose estimation in 

collaborative assembly tasks.  

This Deliverable documents mainly the steps and actions performed in task T4.5.  

1.1 PURPOSE 
The purpose of this deliverable (D4.9 – “Multimodal Learning of Assembly Tasks (preliminary)”) 

is to provide an insight on the chosen 3D human pose estimation methods and present in detail 

the datasets and deep learning methods which make it possible. 

1.2 DOCUMENT OVERVIEW 
The report begins with the hardware and software requirements (Chapter 2). In Chapter 3, 

state-of-the-art methods for 3D human pose estimation are noted and the preprocessing, 

architecture and training of the proposed Fully Convolutional Neural Network are detailed. 

Chapter 4 presents the composed and created datasets, which are designed for 3D human pose 

estimation in collaborative assembly tasks. Chapter 5 consists of an extensive overview of the 

performance of the 3D human pose estimation method on the test sets of the aforementioned 

datasets. The report concludes in Chapter 6. 
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2 MULTI-MODAL HUMAN POSE ESTIMATION 

Existing methods related to 3D human pose estimation from visual sensors can be divided to 

two main categories according to their input; the ones with an RGB image as an input and those 

ones with an RGB+Depth image as input. 

In the first category, there have been numerous approaches contributed by the fact that it is 

easier to collect the required datasets. However, from the RGB input only 2D location of the 

human skeleton joints can be estimated. In order to get the joint location in the 3D space the 

most straight-forward solution is to directly regress 3D joint location from the input image with 

a Deep Neural Network, the first one to implement it was [1], setting the first baseline. The 

public availability of 2D human pose estimation datasets as well as the accuracy and robustness 

of the state-of-the-art 2D human pose estimation methods lead [2] to split the 3D human pose 

estimation problem to a 2D human pose estimation one and then lifting the predicted 2D poses 

to 3D poses. This was also facilitated by the existence of public 3D mocap datasets, which enable 

a network to be trained to lift 2D poses to 3D through simple memorization. In an attempt to 

overcome the need for vast datasets with 3D poses, unsupervised solutions have been proposed. 

Rhodin et al. [3] achieve that by utilizing images from multiple views to understand the 3D 

geometry of the bodies, while Pavllo et al. [4] estimate 3D poses from a sequence of predicted 2D 

keypoints. All these methods, however, predict keypoints in a scale and translation normalized 

frame or use assumptions to resolve the depth ambiguity, which is not compatible with robotic 

applications. 

This leads to RGB+D 3D pose estimation methods, which overcome this problem. A lack of 

publicly available datasets means that there has not been extensive research in this approach. 

An important work was proposed by Zimmermann et al. [5], where the prediction is comprised 

of 2 steps combining color and depth data. As in [2], the first step is to predict 2D human poses 

given a color image as input, while the second combines the output of the first step with the 

depth input to predict real world 3D coordinates. 

Our solution takes an RGB image and a registered depth map as an input and predicts 3D human 

poses in absolute units. It improves upon the Zimmermann et al [5] implementation by using 

novel training datasets, using a more efficient 2D human pose estimation network and 

augmenting the network architecture. It is also a two-step implementation, where a 2D human 

pose estimation network predicts 2D poses from an RGB image, which are then fused with a 

registered depth map to predict the final 3D human poses.  

2.1 2D ΗUMAN POSE ESTIMATION 
The first step is to select which 2D human pose estimation solution to use. There is a 

considerable number of approaches, but we will focus on two of them OpenPose [6] and 

Alphapose [7] which are both open-source and publicly available. The former is the one used in 

the work of Zimmerman et al, while the latter is the state-of-the-art solution that we use instead. 
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2.1.1 OpenPose 

OpenPose is a real-time bottom-up approach which takes an RGB image as input and predicts 2D 

human poses regardless of the number of people in the image. It first predicts human joints and 

parts, then assembles the predictions into multiple human poses. They proposed using a 

nonparametric representation, dubbed Part Affinity Fields (PAFs), to learn to connect body parts 

with individuals in the image. They opted out for PAF-only refinement in contrast to PAF and 

body location estimation refinement in previous works. It resulted in an improvement in both 

runtime speed and accuracy. More specifically, the method takes the entire image as the input 

for a Convolutional Neural Network (CNN) to jointly predict confidence maps for body part 

detection and PAFs for part association. The CNN architecture iteratively predicts affinity fields 

and detection confidence maps which refines the predictions over successive stages with 

intermediate supervision at each stage. Non-maximum suppression is performed on the 

detection confidence maps to obtain a discrete set of part candidate locations. Each part is 

scored using the line integral computation on the PAF. The parsing step also performs a set of 

bipartite matchings to associate body part candidates. Finally, the body parts are assembled into 

full body poses for all people in the image. It achieved state-of-the-art performance in the COCO 

Figure 1 OpenPose - 2D human pose prediction on an image from the CMU dataset 

Figure 2 OpenPose - 2D human pose prediction on an image from the CERTH dataset 
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2016 keypoints challenge and significantly exceeded the previous state-of-the-art result on the 

MPII MultiPerson benchmark both in performance and efficiency in 2016. 

 

2.1.2 AlphaPose 

AlphaPose is a real-time top-down multi-person 2D pose estimator on RGB images. The runtime 

of Alphapose grows linearly with the number of people, but in our use-case of 2 people it is 

faster than the OpenPose implementation [6]. It first predicts bounding boxes of humans and 

then runs single-person human pose estimation on them. Human bounding boxes are obtained 

by a human detector. Then pose proposals are generated automatically. More specifically, the 

human bounding boxes obtained by the human detector are fed into a pipeline with a spatial 

Figure 3 AlphaPose - 2D human pose prediction on an image from the CMU dataset 

Figure 4 AlphaPose - 2D human pose prediction on an image from the CERTH dataset 
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transformer network (STN) [8], a single person pose estimator (SPPE) and spatial de-

transformer network (SDTN) and the pose proposals are generated automatically. These 

proposals are refined by a parametric pose non-maximum suppression to obtain the estimated 

human poses. For an image 𝐼 ∈ 𝑅𝐻×𝑊×3, we get a prediction matrix 𝑃 ∈ 𝑅𝐾×2, which holds the 

location of each keypoint and a confidence matrix 𝐶2𝐷 ∈ 𝑅𝐾×1 of each keypoint prediction. It 

achieved 82.1 and 72.3 mAP on MPII [9] and COCO [10]datasets respectively, while OpenPose 

[6] used in Zimmermann et al [5] reports 79.7 and 61.8mAP. An overview comparison of the two 

methods can be seen in the table below. 

 Mean Average Precision (mAP) Runtime speed 

(s/image) 

 MPII COCO 3 people image 

AlphaPose 82.1 72.3 ~0.07s 

OpenPose 79.7 61.8 ~0.25s 

2.2 3D ΗUMAN POSE ESTIMATION 

2.2.1 Data preprocessing 

The first step is to identify a root joint 𝑟 ∈ [0, 𝐾 − 1], which will help us create a voxel occupancy 

grid around it. In detail, the confidence of the prediction 𝐶𝑟 of the neck, right hip and left hip 

keypoints are evaluated and the first one, in the order they appear here, to be over a fixed 

threshold 𝑡ℎ = 0.5 is chosen as the root joint 𝑟. The back projection 𝑏𝑟 ∈ 𝑅3 of the root joint 2D 

prediction 𝑝𝑟 ∈ 𝑅2 to the closest depth value in the registered depth map 𝑑𝑟 is calculated 

(maybe elaborate how). A voxel occupancy grid 𝑉 ∈ 𝑅𝑆×𝑆×𝑆 is then created whose center is the 
backprojection 𝑏𝑟 of the root keypoint and the size of each voxel is set to 𝑣 centimeters. 𝑉 is a 

binary occupancy grid which means that 1 is the value of the voxel if there is at least a point 

found inside the voxel and 0 otherwise. The point cloud for calculating the voxel grid is created 

by transforming the registered depth map 𝐷 ∈ 𝑅𝐻×𝑊. Moreover, a voxel grid 𝑉𝑖 ∈ 𝑅𝑆×𝑆×𝑆, 𝑖 ∈

[0, 𝐾] for each predicted keypoint 𝑖 is created with the same size and center as 𝑉. First, the 

backprojection 𝑏𝑖 of the prediction 𝑃𝑖 of each keypoint 𝑖 to the depth value 𝑑𝑟 is calculated. The x 

and y components 𝑙𝑖
′ ∈ 𝐼2 are kept of an index 𝑙𝑖 ∈ 𝐼3 which is the index of the voxel containing 

the point 𝑏𝑖. A smooth 2D scoremap 𝑆2𝐷
𝑖 ∈ 𝑅𝑆×𝑆 is, then, created by placing a Gaussian function 

with 𝑚𝑎𝑥 = 1 and 𝑠𝑖𝑔𝑚𝑎 = 3 ∗ 𝑣 on each 𝑙𝑖
′. 𝑉𝑖 is finally compiled by tiling the scoremaps 𝑆2𝐷

𝑖  

along the z axis. All of the voxel grids are concatenated as follows: 

𝑉𝑖𝑛 = 𝑉 ⊗ (𝑉1 ⊗ 𝑉2 ⊗ … ⊗ 𝑉𝐾), 𝑉𝑖𝑛 ∈ 𝑅𝑆×𝑆×𝑆×(1+𝐾)  

This 4D matrix is the input to the human pose estimation network. 

2.2.2 Network Architecture 

The 3D human pose estimation network VoxelPoseNet proposed in [5] is a Fully Convolutional 

Neural Network with 3D convolutions, which is an encoder decoder architecture inspired by the 

U-net [11] that uses dense blocks [12] in the encoder. The encoder and decoder consist of 3 

blocks each, with skip connections between the ones with compatible input dimensions. The 4D 

matrix is the input of the encoder, where the spatial dimensions are reduced in each encoder 

block, while the channel dimensions are increased. The decoder blocks follow the opposite 

route, with the help of skip connection input. In Figure 5, the blocks of the network with the 

input and output dimensions are noted for S=64. Every encoder block consists of two 3D 

convolutional layers and a 3D Max Pooling operation with dense connections. The decoder 
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blocks consist of a transposed 3D convolutional layer to upsample their input, concatenate it 

with the skip connection input (except for decoder block 3) and pass it through a 3D 

convolutional layer. The conv upsample layers sequentially apply a 3D convolutional layer and a 

transposed 3D convolutional layer to the input providing the intermediate scoremaps 𝑆3𝐷
𝑖 . 𝑆3𝐷 is 

the element-wise addition of the intermediate scoremaps and the output of the final decoder 

block. These intermediate scoremaps are also used for better supervision of the training. 

 

Figure 5 Encoder and decoder blocks of the 3D human pose estimation network 

On the other hand, a squeeze-and-excitation (SE) block [13] is a building block for CNNs that 

improves channel interdependencies at almost no computational cost. The main idea is adding 

parameters to each channel of a convolutional block so that the network can adaptively adjust 

the weighting of each feature map. The VoxelPoseNet architecture is augmented by 

incorporating squeeze and excitation blocks, creating the VoxelPoseNet-SE architecture. The 

original block is augmented by changing every convolutional operation to a squeeze and 

excitation block. As seen in Figure 6, where on the left is an original encoder block, while on the 

right the proposed change, the output of the 3D convolutional layers (after the ReLU activation) 

are passed through a squeeze and an excite operation, producing per-channel modulation 

weights. These are applied to the identity of this output, allowing dynamic channel-wise feature 
recalibration. The reduction ratio used in the squeeze-excite block was 4. 
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Figure 6 Comparison of the original and augmented encoder block 

𝑉𝑖𝑛 ∈ 𝑅𝑆×𝑆×𝑆×(1+𝐾) is the input of VoxelPoseNet-SE and its output is a tile of 3D scoremaps 

𝑆3𝑑 ∈ 𝑅𝑆×𝑆×𝑆×𝐾, one for each keypoint, which hold the probability of each keypoint being in the 

voxels of the voxel grid. The indexes of the maxima of the scoremaps 

𝐼3𝐷
𝑖 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑆3𝐷[: , : , : , 𝑖]) ∈ 𝐼3 ∀𝑖 ∈ 𝐾 are translated to real-world coordinates 𝑝3𝐷

𝑖 ∈ 𝑅3 , 

while their values 𝐶3𝐷
𝑖 = max(𝑆3𝐷[: , : , : , 𝑖]) ∈ 𝑅, ∀𝑖 ∈ 𝐾  correspond to the confidence of the 3D 

network for each prediction. The final 3d keypoint estimation is calculated as follows: 

𝑝𝑓𝑖𝑛
𝑖 = {

𝑝3𝐷
𝑖 , 𝑖𝑓 𝐶3𝐷

𝑖 ≥ 𝐶2𝐷
𝑖  

𝑏(2𝐷)
𝑖 , 𝑖𝑓 𝐶3𝐷

𝑖 < 𝐶2𝐷
𝑖 , 

where 𝑏2𝐷 is the backprojection of the estimation of the 2D human pose estimation network to 

the depths estimated by the 3d human pose estimation network 𝑝3𝐷. A detailed analysis of the 

layers used in the network is presented in Table I. We must note that the reduction rate for the 

squeeze-excite blocks is 4 and that the part of the network producing the intermediate 

scoremaps was excluded from this table in favor of conciseness. 
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Table 1Detailed VoxelPoseNet-SE network architecture for S=64 and K=18 

Layer Input dim Output dim Kernel size Stride 

conv3_relu_11 64x64x64x19 64x64x64x64 3 1 

squeeze_exc_11 64x64x64x83 64x64x64x83 - - 

conv3_relu_12 64x64x64x83 64x64x64x64 3 1 

squeeze_exc_12 64x64x64x64 64x64x64x64 - - 

max_pool3_1 64x64x64x64 32x32x32x64 2 2 

conv3_relu_21 32x32x32x64 32x32x32x128 3 1 

squeeze_exc_21 32x32x32x192 32x32x32x192 - - 

conv3_relu_22 32x32x32x192 32x32x32x128 3 1 

squeeze_exc_22 32x32x32x128 32x32x32x128 - - 

max_pool3_2 32x32x32x128 16x16x16x128 2 2 

conv3_relu_31 16x16x16x128 16x16x16x256 3 1 

squeeze_exc_31 16x16x16x384 16x16x16x384 - - 

conv3_relu_32 16x16x16x384 16x16x16x256 3 1 

squeeze_exc_32 16x16x16x256 16x16x16x256 - - 

max_pool3_3 16x16x16x256 8x8x8x256 2 2 

upconv_1 8x8x8x256 16x16x16x256 4 2 

conv3_relu_4 16x16x16x384 16x16x16x128 3 1 

squeeze_exc_4 16x16x16x128 16x16x16x128 - - 

upconv_2 16x16x16x128 32x32x32x128 4 2 

conv3_relu_5 32x32x32x192 32x32x32x64 3 1 

squeeze_exc_5 32x32x32x64 32x32x32x64 - - 

upconv_fin 32x32x32x64 64x64x64x64 4 2 

conv3_relu_fin 64x64x64x64 64x64x64x18 1 1 

squeeze_exc_fin 64x64x64x18 64x64x64x18 - - 
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2.2.3 Training details 

All the trainings were run with size 𝑆 = 64 and keypoints 𝐾 =  18. The 18 keypoints are the 

body landmarks of the COCO dataset [10], which include the following body parts: nose, left eye, 

right eye, left ear, right ear, left shoulder, right shoulder, left elbow, right elbow, left wrist, right 

wrist, left hip, right hip, left knee, right knee, left ankle, right ankle. The input image size 𝐻 × 𝑊 

was chosen 1080 × 1920, since the CMU dataset (see Section 3) was used for training, but any 

image size can be used at inference time. The size of the voxel was randomly sampled in the 

range [0.0275, 0.04125] to encourage the network to learn the 3D representation for multiple 

scales and avoid overfitting. The Adam optimizer was used with learning rate 𝑙𝑟 =  0.0001 with 

a decay rate of 0.1 every epoch. The training ran for 𝑒 =  5 epochs with batch size 𝑏𝑠 =  2. The 

3D ground-truth positions were transformed to the voxel grid’s coordinates and a 3D gaussian 

function was placed on the index 𝐼𝑐 ∈ 𝐼3of each keypoint with 𝑚𝑎𝑥 = 1 and 𝑠𝑖𝑔𝑚𝑎 = 3 ∗ 𝑣, 

creating the scoremaps 𝑆𝑔𝑡
𝑖 ∈ 𝑅64×64×64. Tiling all these scoremaps 𝑆𝑔𝑡

𝑖  along a new axis, 

produced 𝑆𝑔𝑡 ∈ 𝑅64×64×64×18. Finally, the loss consisted of the sum of 𝑙2 losses between the 3 

intermediate and final predicted score volumes 𝑆3𝐷
𝑖  of the network (Figure 5) and the ground-

truth scorevolumes 𝑆𝑔𝑡 

𝐿 = ∑(𝑆3𝐷
𝑖 − 𝑆𝑔𝑡)

2

𝑖

 

3 DATASETS 

In order to test our method, experiments were conducted on a large multi-view dataset with 

available ground-truth 3D-pose annotations as well as a brand-new dataset recorded by our 

team. The first dataset allowed us to train our network on accurate and sufficient data, which is 

a contributory factor in achieving robust human pose estimation. Additionally, the second one 

allowed our team to test the performance of the proposed method on the exact collaborative 

task for which it is intended. 

3.1 CMU PANOPTIC DATASET 
The CMU panoptic is a massively multi-view capture including 480 VGA cameras, 31 HD cameras 

and 10 Kinect v2 RGB+D sensors, distributed over the surface of a geodesic sphere maintained 

by the Carnegie Mellon University [14] [15] [16] . In details, this dataset includes videos in which 

more than 60 subjects participate, performing various scenarios in groups or alone. 

Furthermore, the dataset is provided with 3D human pose ground truth data, acquired via 

triangulation using all camera views. 

Figure 7 RGB image and registered depth map in CMU dataset 
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Figure 8 RGB image and registered depth map in CERTH dataset 

Code is provided in order to align data from different sensors together using timestamps, while 

software was developed for depth and color image registration. As far as our experiments, both 

colored and depth frames, retrieved from the Kinect v2 RGB+D sensors, were utilized having a 

resolution of 1920x1080 and 512x424 respectively at 30 fps. Since the proposed method is 

dedicated to human-robot collaborative applications, sequences that depict two subjects 

working cooperatively were preferred for training and testing purposes as shown in Figure 7. 

Moreover, the dataset is split by camera views and includes 8750 frames from each one of 10 
cameras. For ensuring diversity in poses, 1 frame was sampled every 10 frames from each 

camera for each scenario. As a result, data from the first 9 cameras consisted of 7875 frames in 

total was determined to be utilized in training and data from the 10th camera consisted of 875 

frames in testing, so there is no overlap between them. 

 

3.2 CERTH DATASET 
Apart from the CMU Panoptic dataset, a novel dataset was recorded, which involves 2 actors 

performing a collaborative task of LCD TV assembly. For the acquisition of this dataset a single 

RGBD sensor has been used resulting in only 1 viewpoint, as shown in Figure 8. The TV assembly 

task is a new task that was not part of the CMU Panoptic dataset, thus we can use this new 

dataset for testing the generalization capabilities of our learning approach. 

An Orbbec Astra (0.6m-8m) was used in order to record both RGB (1280x720) and depth 

(640x480) data at 30 fps. Additionally, software was developed for depth to color registration as 

well as manual annotation of human skeleton joints, which eventually could be used as ground 

truth data. The final dataset includes 700 frames and was utilized only as a testing dataset, while 

1 frame every 10 frames was sampled and was manually annotated for evaluation purposes. 

Because CERTH dataset is single view, we managed to manually annotate 70% of the total 

number of joints, whereas the rest of them are deemed as occluded. 
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4 RESULTS 

In this section, both quantitative and qualitative results are presented. To be able to assess the 

quality, accuracy and performance of the proposed method, experiments were conducted on the 

datasets mentioned in section 3. All experiments were run with size 𝑆 = 64 and keypoints 

𝐾 = 14 as both the eyes and ears were excluded because they are of lesser importance for the 

task in hand. Moreover, the size of the voxel was 𝜐 = 0.034375. 

4.1 EVALUATION METRICS 
In order to evaluate our method, the most common metric mentioned in the literature is the 

mean per joint position error, known as MPJPE. For a frame f and a skeleton S, MPJPE is 

computed as 

𝐸𝑀𝑃𝐽𝑃𝐸(𝑓, 𝑠) =
1

𝑁𝑆
∑ ‖𝑚𝑓,𝑆

(𝑓)
(𝑖) − 𝑚𝑔𝑡,𝑆

(𝑓)
(𝑖)‖

2

𝑁𝑆

𝑖=0

 

, where NS is the number of joints in skeleton S. For a set of frames the error is the average over 

the MPJPEs of all frames. Furthermore, mean Euclidean distance with respect to each joint for all 

bodies involved in the tested sequence of frames is calculated as a measure of the overall 

performance of the tested models. Besides the aforementioned metrics, the percentage of bodies 

that were predicted out of the total ground-truth bodies is reported, which can be deemed as an 

indicative metric of the performance of the proposed 3d human pose estimation method. 

Specifically, a body is missed if a root joint could not be found from the 2D human pose 

estimation, meaning that all 3 joints’ (neck, left hip, right hip) prediction had a confidence lower 

than 𝑡ℎ = 0.5. 

4.2 CMU TEST DATASET 
As it is mentioned in subsection 3.2, a sequence of frames from a single view was isolated from 

the whole CMU dataset in order to be utilized as a test dataset. The models, related to the 

experiments on this test dataset, are the original implementation [5], referred to from now on as 

“VoxelPoseNet-Op” as well as the same network trained on the CMU dataset referred to as 

“VoxelPoseNet-Op-CMU”. Furthermore, an implementation that incorporates AlphaPose as the 

2D pose estimator instead of OpenPose, is trained on CMU dataset and is referred to as 

“VoxelPoseNet-Ap-CMU”, is included in the experiments. Lastly our implementation which is 

referred to as “VoxelPoseNet-SE-Ap-CMU” is trained on the CMU dataset and incorporates both 

AlphaPose and squeeze-excite blocks. 

 MPJPE Bodies found % 

VoxelPoseNet-Op 0.197 97.0 

VoxelPoseNet-Op-CMU 0.0912 97.0 

VoxelPoseNet-Ap-CMU 0.0792 96.1 

VoxelPoseNet-SE-Ap-CMU 0.0782 96.1 

Table 2: MPJPE on the CMU test dataset. 

As it is shown in the above table, training the network on CMU data drops the error related to 

the original implementation more than half, improving the accuracy of the model. Using 

AlphaPose, as a 2D human pose estimation network, results in further decrease of 13% in 
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MPJPE. However, it predicts 1% less bodies.  Concerning utilization of squeeze-excite blocks, 

further improvement is achieved equal to 1%.  

 CMU test 
dataset 

VoxelPoseNet-
Op 

VoxelPoseNet-Op-
CMU 

VoxelPoseNet-Ap-
CMU 

VoxelPoseNet-SE-
Ap-CMU 

Nose 0.128 0.067 0.064 0.063 

Neck 0.143 0.065 0.058 0.058 

rShoulder 0.124 0.068 0.06 0.062 

rElbow 0.138 0.088 0.075 0.076 

rWrist 0.195 0.116 0.092 0.091 

lShoulder 0.101 0.063 0.058 0.056 

lElbow 0.143 0.08 0.071 0.068 

lWrist 0.244 0.124 0.099 0.096 

rHip 0.136 0.083 0.076 0.074 

rKnee 0.316 0.093 0.088 0.087 

rAnkle 0.425 0.142 0.111 0.114 

lHip 0.128 0.079 0.074 0.072 

lKnee 0.232 0.094 0.081 0.081 

lAnkle 0.313 0.117 0.102 0.097 
Table 3: Mean error with respect to each joint detected in CMU test dataset, expressed in meters. 

Improvement across the examined models can also be realized if the mean Euclidean distance 

between all detected joints and the respective ground truth is considered as an evaluation 

metric. The resulting values are reported in Table 3, where the color of each cell depends on 

whether its value is higher or lower than the respective one in the previous column. As it is 

expected, there is a significant decrease in the error when the network is trained on CMU data, 

as it is shown in the second column of Table 3. Undoubtedly, there is further improvement when 

“VoxelPoseNet-Ap-CMU” implementation as AlphaPose offers higher accuracy. Finally, 

incorporating both AlphaPose and squeeze-excite blocks achieves better results in most cases or 

slightly worse results in three of them which are colored in red, compared to “VoxelPoseNet-Ap-

CMU” implementation. 

As it can be seen in the above figures, the proposed method is superior to the original one, on 

CMU data, because it detects joints such as knees and ankles accurately, shaping robust 3D 

human poses. 

Figure 9: Qualitative comparison between VoxelPoseNet-Op and VoxelPoseNet-SE-Ap-CMU on CMU data (1). 
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4.3 CERTH DATASET 
Capturing a new dataset, named CERTH dataset, including collaborative tasks allowed us to test 

our implementation on a totally unseen environment with unseen human actors and different 

camera specifications. The tested models were the same as presented in 4.2 and the evaluation 

results are reported in the following table. 

 MPJPE Bodies found % 

VoxelPoseNet-Op 0.219 81.7 

VoxelPoseNet-Op-CMU 0.0884 81.7 

VoxelPoseNet-Ap-CMU 0.0781 88.0 

VoxelPoseNet-SE-Ap-CMU 0.0709 88.0 
Table 4: MPJPE on the CERTH dataset. 

 CERTH 
dataset 

VoxelPoseNet-
Op 

VoxelPoseNet-Op-
CMU 

VoxelPoseNet-Ap-
CMU 

VoxelPoseNet-SE-
Ap-CMU 

Nose 0.059 0.035 0.065 0.085 

Neck 0.128 0.108 0.106 0.089 

rShoulder 0.072 0.041 0.047 0.047 

rElbow 0.101 0.062 0.068 0.061 

rWrist 0.113 0.057 0.05 0.047 

lShoulder 0.132 0.059 0.092 0.073 

lElbow 0.097 0.052 0.068 0.039 

lWrist 0.112 0.05 0.062 0.038 

rHip 0.228 0.106 0.112 0.102 

rKnee 0.357 0.191 0.128 0.128 

rAnkle 0.811 0.131 0.058 0.052 

lHip 0.133 0.117 0.117 0.112 

lKnee 0.352 0.165 0.095 0.089 

lAnkle 0.736 0.125 0.059 0.062 
Table 5: Mean error with respect to each joint detected in CERTH dataset, expressed in meters. 

Figure 10: Qualitative comparison between VoxelPoseNet-Op and VoxelPoseNet-SE-Ap-CMU on CMU data (2). 
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Figure 11: Qualitative comparison between VoxelPoseNet-Op and VoxelPoseNet-SE-Ap-CMU on CERTH data (1). 

First of all, training the model on CMU dataset greatly reduces the error by 59.6% on the CERTH 

dataset, proving that training with the CMU dataset is a significant contribution to learning 

collaborative tasks and helps the model adapt properly to new, previously unseen data, as it can 

be seen in the second row of Table 4 and the values located in the second column of Table 5. 

Concerning the 2D human estimation network, although AlphaPose seems to increase slightly 

the mean error in half of the joints, it decreases the MPJPE by 11.7% and predicts 6.3% more 

bodies compared to OpenPose. Also, AlphaPose detects joints with higher confidence than 
OpenPose in this challenging dataset, which is captured in lower resolution than CMU test 

dataset and from a different view. Eventually, AlphaPose exceeds OpenPose in performance as it 

is capable of operating in more diverse views and circumstances. However, this was not 

noticeable in CMU test dataset where the resolution is higher and there was a multi-view setup. 

Lastly, incorporating the squeeze-excite blocks lead to further improvement of the error by 

9.2% compared to VoxelPoseNet-Ap-CMU model, which is much higher than the respective 

improvement 1% achieved in the CMU test dataset. Considering that, it is safe to conclude that 

squeeze-excite modifications contributes significantly to the generalization capability of the 

network. A qualitative comparison between the original implementation on the left and our 

proposed model on the right, can be seen in the following figures. 

 

Figure 12: Qualitative comparison between VoxelPoseNet-Op and VoxelPoseNet-SE-Ap-CMU on CERTH data (2). 
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4.4 DEPLOYMENT REQUIREMENTS 
For the purposes of task T4.5, deep neural network architectures have been chosen to be 

investigated, requiring high computing power in order to achieve good performance results. 

Considering that, the minimum PC requirements that allow all the tested methods included in 

this deliverable to be executed are the following: 

Minimum PC Requirements  

OS Ubuntu 16.04 

RAM 6GB 

GPU Nvidia with minimum VRAM 3GB 

CUDA 10.0 

Interpreter Python3 

 

Regarding the experiments presented in section 4, a CUDA-enabled PC was utilized, including an 

Intel® Core™ i5-9600K CPU @ 3.70GHz combined with GeForce GTX 1060 3GB. It also has 

Ubuntu 16.04 installed, Python3.6 and 16 GB RAM. 
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5 CONCLUSION AND FUTURE WORK 

In conclusion, we have developed and implemented a 3D human pose estimation method which 

predicts 3D human poses in real-world units from multi-modal data (RGB+Depth) and improves 

upon the state-of-the-art. The main contributions are: 

 extending a sequence for 3D human pose estimation of the CMU panoptic dataset [14] 
focusing on collaborative tasks 

 creating a novel RGB-D (CERTH) dataset of a collaborative task with manual annotations 

 using a more accurate 2D human pose estimator (AlphaPose [7]) 

 enhancing the architecture of the 3D human pose estimator VoxelPoseNet [5] by 
incorporating squeeze-excitation blocks and boosting performance 

 evaluating on publicly available datasets to allow reproducibility, while achieving 
increased accuracy 

More specifically, training the proposed network on a novel extended (CMU) dataset allowed us 

to improve threefold upon the state-of-the-art on RGB-D 3D human pose estimation. 

Furthermore, we have achieved up to 67.6% reduction in MPJPE and 6.3% increase in predicted 

bodies in an unseen collaborative testing dataset.  

Since this is a preliminary deliverable, there is future work still to be completed in the 

corresponding task (T4.5). Starting from the 3D human pose estimation task, there are possible 

improvements of the implementation, training and testing to pursue. It is valuable to investigate 

alternative architectures of the CNN used as a 3D human pose estimation network and whether 

input from multiple views integrated into one voxel grid can help the performance of the 

network. Additionally, the performance of the network needs to be compared against respective 

monocular approaches on our novel datasets. Finally, if another RGB+D dataset for 3D human 

pose estimation becomes publicly available, then training or fine-tuning on it will be of great 

interest. 

In other directions, for the remaining duration of Task T4.5 we will consider synergies with the 

T4.4 Autonomous Assembly Policy Learning and Policy Improvement, as well as with T3.5 

Human Touch Recognition and Classification, where again multiple modalities will be 

considered as inputs to deep neural network architectures. 
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