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ABSTRACT

Residential roofers are often exposed to awkward postures and motions in a prolonged time, which may not
only reduce their body stability and increase fall potential, but also increase the risk of musculoskeletal
disorders (MSDs). To assess their risks of fatal and musculoskeletal injuries, it is crucial to capture 3D body
poses of workers during roofing tasks. In this paper, we proposed a novel two-stage motion estimation
approach based on a convolution neural network to estimate residential roofer’s body poses using three-view
video data. Our approach includes two stages: (1) use of an offline multi-view model to estimate the 3D pose in
a single frame; (2) use of a multi-frame model to apply temporal convolutions to refine the multi-view outputs.
The performance of the approach was evaluated by comparing our estimation with the gold-standard marker-
based 3D human pose during one of the common residential roofing tasks — shingle installation. The
evaluation results show that the proposed multi-frame model can effectively improve the accuracy of the
coordinate sequence. Moreover, these results prove that the proposed video-based motion estimation
approach can efficiently and accurately locate 3D body joints and pave the way for future onsite motion
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analysis during roofing activities.

1. Introduction

Residential roofers typically spend more than 75% of their
work time in stooping, crouching, kneeling and crawling
postures, which require constant bending and twisting of
workers’ bodies (Dong et al. 2008). Prolonged exposures to
such awkward postures and motions may not only reduce
body stability and increase fall potential, but also increase
the risk of musculoskeletal disorders (MSDs). As a result,
the prevalence of MSDs among roofers is substantially
higher than other construction worker populations - in
2013, the roofing trade has the 2nd highest incident rate
of work-related MSDs among all construction sectors

(Bureau of labor statistics 2013).
To assess the risks of fatal and musculoskeletal injuries in

residential roofers, it is crucial to capture 3D body positions of
workers during roofing tasks. Traditional motion capture systems
often use optical cameras to capture locations of reflective mar-
kers placed on the human body. These systems need to attach
a large number of markers on the human body, and require
multiple dedicated cameras. It is not only time-consuming to
place the large number of markers on the workers’ bodies, but
also infeasible to apply in realistic working conditions as they
may affect workers’ activities. Moreover, markers often fall off or
become occluded, degrading the quality of the data. These
motion capture systems appear to be expensive and impractical
for use at residential roofing construction sites.

With the advancement in artificial intelligence technol-
ogy, various marker-free human pose estimation methods
have emerged in recent years. These methods make use of
economical cameras and process the image features of the

subject. In other terms, the 2D pose can be recognised
directly from the image and then the 3D pose can be
calculated by combining these 2D poses with camera para-
meters. Since no equipment other than cameras are
required, the cost for capturing human motions is greatly
reduced. At the same time, there is no need to attach
markers on workers, which makes these methods practical
and less time-consuming for workplace application.

Based on the input data, previous pose-estimation models
can be divided into three categories: single-view, multi-view,
and video-based human pose estimations.

1.1. Single-view

Estimating human posture from a single-view image in 2D
space has been a common technique in the domain, as many
deep learning-based approaches have recently been proposed
to directly estimate 3D pose from single RGB images. Pavlakos
et al. (2017) discretised the 3D space around the subject and
predicts the voxel-based representation likelihood for each
joint in a coarse-to-fine manner. Moreno-Noguer (2017) repre-
sented both 2D and 3D poses as N x N matrices containing
Euclidean distances of pair-wise joints and formulate the pro-
blem as distance matrix regression. Zhou et al. (2017) intro-
duced weakly-supervised learning towards data ‘in the wild’
and 3D geometric constraints to obtain a more accurate 3D
pose through regularisation. After all, self-occlusion remains
a challenge for single-view pose estimation that could hinder
the overall performance. For example, if a limb on the opposite
side is not visible, then the model suffers from estimating the
exact position of that limb.
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1.2. Multi-view

To estimate more accurate 3D body posture and alleviate the
problem of self-occlusion, many human pose models have
migrated into leveraging capturing from multiple views of same
subject. Martinez et al. (2017) used linear layers with short connec-
tions to upgrade existing 2D human pose coordinates to 3D space.
Panoptic Studio (Joo et al. 2015) used a pre-trained model to
estimate the 2D pose and then projected the key points into the
volume and calculated the 3D body coordinates. Iskakov et al.
(2019) further improved end-to-end training for via learnable alge-
braic and volumetric triangulation. Qiu et al. (2019) proposed
a recursive Pictorial Structure Model that can recover the 3D
pose from the estimated multi-view 2D pose heat maps, which
greatly improved the accuracy without affecting the real-time
performance. However, these approaches treated image informa-
tion on each frame separately without considering the continuity
of the adjacent frames, inevitably leading to unstable sequential
output.

1.3. Video-based

The outputs of the image-based human pose model are
frequently unstable during video processing, since slight
perturbations between nearby frames can cause huge dis-
crepancies in the neural network’s output. In order to make
maximum use of the information in the video, some models
use a multi-frame technique to estimate human position to
tackle this difficulty. Heat maps paired with light flow across
neighbouring frames were utilised by Pfister et al. (2019) to
predict a 2D human position. Katircioglu et al. (2018) and
Lin et al. (2017) employed long short-term memory, the
most prevalent network for processing sequence informa-
tion, to produce 3D poses predicted from a single observa-
tion. Hossain and Little (2018) introduced Seq2seq
(Sutskever et al. 2014) to estimate a 3D human posture
from a 2D pose sequence in human pose estimation.
Pavllo et al. (2019) introduced a fully convolutional architec-
ture that uses semi-supervised learning to train the model
and performs temporal convolutions over 2D keypoints for
accurate 3D posture prediction in video. The video-based
sequential data appear to be able to improve and stabilise

the prediction of 3D joint positions.
In this paper, we propose a new deep-learning-based

approach for 3D pose estimation during residential roofing
tasks. Instead of pursuing end-to-end training, we split our
model into two stages: a multi-view model and a multi-
frame model. Therefore, the model can be trained on
a single graphics processing unit (GPU) board. The multi-
view model deploys an algebraic triangulation neural net-
work, which is pre-trained offline using the Human3.6 M -
the largest existing public dataset of 3D human poses
(lonescu et al. 2014), to estimate the 3D pose in a single
frame. The multi-frame model aggregates the results from
video-based continuous frames and applies temporal con-
volutions to refine the multi-view model’s outputs. The
performance of this two-stage approach is evaluated by
comparing the intermediate and final outputs from these
two stages with the gold-standard marker-based 3D human
poses estimations.

2. Methods
2.1. Data acquisition

2.1.1. Experimental data collection

Seven healthy male subjects participated in this study and
performed one of the most common roofing tasks - the shingle
installation task. The study was approved by the Institutional
Review Board of the National Institute for Occupational Safety
and Health (16-HELD-01XP). The informed consent from all the
subjects was obtained before the testing. The whole-body mar-
ker data (total 79 makers placed on the subject) were collected
using a motion capture system with 14 optical cameras (Vantage
V16, Vicon Motion System Ltd., Oxford, UK). Additionally, three
video cameras were used to record the subject’s movement
from three perspectives simultaneously. The original video reso-
lution was 1280 x 720, and the frame rate was 100 Hz. Each
subject was asked to perform three trials of the shingle installa-
tion task. The duration of each trial varied from 11 seconds to 17
seconds. As a result, the data set contained 63 videos of 7
subjects (each subject has 3 trials and 3 perspectives).

2.1.2. Data pre-processing

In general, the marker positions recorded by the Vicon system
were different from the joint positions defined by common
human pose models, so they could not be directly used for
training pose detection models. A musculoskeletal modelling
software, OpenSim (Delp et al. 2007) was used to estimate the
ground-truth joint coordinates for training the neural network. In
OpenSim, we first scaled the OpenSim generic model to gener-
ate a subject-specific model by matching the Vicon-recorded
markers in a static standing trial and the virtual markers on the
generic model. We then applied the inverse-kinematics method
to predict joint kinematics (e.g. joint angles and positions) by
matching the recorded markers and the virtual markers on the
scaled model for the roofing trials. These predicted joint centres
serve as the ground-truth labels for the neural network’s super-
vision. In our model, the joint definitions were similar to those of
the Human3.6 M (lonescu et al. 2014); the only difference is that
we did not generate the coordinates of the nose. Thus, the
number of joints in our experiment was 16 instead of 17 in
Human3.6 M. Figure 1 shows the Vicon-recorded markers and
the joint centres (shown in the stick models) estimated via
OpenSim from three different perspectives. The input images
extracted from the videos are cropped to a size of 384 x 384
before passing into the neural network. For our deep learning-
based approach, we used the data from subjects 1 to 3 for
training and those of subjects 4 to 7 for testing.

2.2. The neural network

In the present study, we present a two-stage marker-free 3D
human pose estimation method for roofing workers which con-
sisted of a multi-view pose estimation model and a multi-frame
pose model. The multi-view model, based on an existing 3D pose
estimation model (Iskakov et al. 2019), generates roofing worker
poses from three different views. The multi-frame model was used
to fuse temporal information to further improve the precision and
stability of the multi-view model result. Figure 2 shows an overview
of our model architecture.
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Figure 1. The Vicon-recorded markers (the top row) and the OpenSim-predicted joint centres shown in the stick models (the bottom row) from three different views.

2.2.1. The multi-view model

The multi-view model estimated the 3D workers pose from three
different views for each frame. In this case, we employed the
algebraic model (Iskakov et al. 2019), which is one of the state-of-
art multi-camera 3D human pose models. This network uses
ResNet-152 (He et al. 2016) as the backbone to obtain heat maps
of 2D human pose and computes the softmax across the spatial
axes to get the 2D positions of the joints. The calculation formula of
2D position is as follows:

w H
He; = eXP(ahe(/c),-)/(Z Z exp(ahg(lc);))
w HX ’
Xej =Y > r(He(n) (M

n=1r=1

Multi-view model results

Algebraic triangulation model

]

2D pose
backbone
Soft-argmax

2D heatmap

[

Cameral

]

—

2D pose
backbone
Algebraic
triangulation

Soft-argmax

[

2D heatmap

Camera2

]

2D pose
backbone

Soft-argmax

S’ 2D heatmap

Camera3

where I, is the cropped images of human, hy is the 2D back-
bone. W and H correspond to width and height of the heatmap
output by model. a is the softmax inverse parameter. To
strengthen the model’s confidence in the 2D joint heatmaps, we
use softargmax to calculate the 2D positions of the joints in their
corresponding heatmaps and get the 2D joint keypoints x; as the
output. The 2D positions of three views with the confidences are
then passed to the algebraic triangulation module, which outputs
the 3D worker pose.

The 3D coordinates of the algebraic model results were normal-
ised for each subject, because different subject positions were
slightly different. These variations did not have a significant impact
on the image based human pose estimation model, because the
convolution network was translation independent. However, the

Multi-frame model results

Multi-frame model

Pre-processing Conv
Conv Layer, Kernel size 3, Dilation 3
Conv Layer, Kernel size 1, Dilation 1
e
¥
Conv Layer, Kernel size 3, Dilation 9
Conv Layer, Kernel size 1, Dilation 1

¥
Conv Layer, Kernel size 3, Dilation 81

Conv Layer, Kernel size 1, Dilation 1
X
v
Conv Layer, Kernel size 3, Dilation 27
Conv Layer, Kernel size 1, Dilation 1
Fuse Cove * 3

Figure 2. An overview of the proposed two-stage model — the multi-view model and the multi-frame model. The multi-view model is to estimate the 3D body pose
based on a single frame; the multi-frame model further improves the accuracy and stability of estimations by aggregating the multi-frame information.
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input of the multi-frame model were coordinate sequences
instead of images captured during the task, which was important
to normalise the coordinates of all subjects.

2.2.2. The multi-frame model

The multi-frame model is to improve the precision and stability
of a 3D pose sequence by combining multi-frame information.
The details of the network structure are shown in Table 1, which
was based on the temporal convolution (Pavllo et al. 2019) with
four residual blocks. Temporal convolution has been widely
used in audio processing (Rethage et al. 2018), machine trans-
lation (Gehring et al. 2017), and other sequential processing
tasks. Compared with the Recurrent Neural Network (RNN)-
based model, the Convolutional Neural Network (CNN)-based
model is more suitable for parallel processing. The gradient
path of back propagation will not increase with the input
sequence length, which mitigates gradient vanishing and
exploding when processing the sequence. Therefore, we
chose to use temporal convolution to build our model.

2.2.2.1. Network architecture. The input of the multi-frame
model is a 3D coordinate sequence of length T, and each time
step contains 3D coordinates of J joint positions (X, y, z). We
used a convolution layer of kernel size 3 to preprocess the
coordinates and then sent them into four residual blocks sur-
rounded by a skip connection. The residual network (He et al.
2016) was chosen since our model was used to adjust the input
coordinates but not to recalculate the joint coordinates. Each
residual block contained two convolution layers whose kernel
sizes were 3 and 1. Dilation (Yu and Koltun 2016) is used to
change the size of the receptive field, which can effectively
expand the size of the receptive field of CNN without
a pooling layer. Compared to pooling, dilation convolution
has learn-able parameters which effectively avoid the loss of
detail information. This advantage makes dilation convolution
widely used in semantic segmentation and other tasks that
need to retain detailed information. With the accumulation of
residual blocks, the size of the receptive field was expanded
due to the increase in the dilation values. In our model, the
dilation values of the four residual blocks were 3, 9, 27, and 81,
resulting in a network with the largest receptive field (245
frames) under the current structure. In the experimental sec-
tion, this set of dilation values was indicated as the optimal
choice for our task. Finally, we used three ordinary convolution
layers to sort out the output of the residual network and made
the output data dimension equal to the input data.

2.2.2.2. Loss function. Mean Squared Error (MSE) has been
used to calculate the error between the processed coordinate
sequence and the ground truth as loss function. Similar to Rayat
Imtiaz Hossain and Little (2018), we also impose a temporal
smoothness constraint in loss function which calculates the

Table 1. The proposed multi-frame model architecture.

mean of the L2 norm of the first order derivative of T frames
3D joint coordinate. This constraint can effectively improve the
robustness of the model. The overall loss function is:

L2
(Pej — Pej)

M~

L(Py, Py) = -5

t=1j=1

-

v

T-1J L
+ﬁ;;(Pr+sJ—Pq)
i

where P denotes the estimated 3D joint locations while
P denotes the ground truth of 3D joint. The length of sequence
is T, and the number of joints is J. The a is scalar hyper-
parameters to control the significance of temporal smoothness
constraint.

2.2.2.3. Padding. The multi-frame model has a large recep-
tive field (245 frames), and it can handle the input video that is
shorter than the model’s receptive field. For the video less than
the model’s receptive field (i.e. the video with 244 or less
frames), the padding frames may be needed. We used replicate
padding in the model, where the padded frames were consid-
ered as static frames. It is a reasonable assumption since most
of the padded frames were needed at the beginning or the end
of the video when the worker was often stationary.

2.2.2.4. Grouping. Different from the role of group convolu-
tion in the previous studies (e.g. compressing the model
(Krizhevsky et al. 2017) or increasing the calculation speed
(Howard et al. 2017), we used group convolution to further
improve the precision of the output 3D coordinates. In the
ungrouped convolution layer, the features of each output
channel are affected by the features of all input channels. This
structure can process RGB images effectively, because there is
a strong correlation between the different channels of the
image. However, our multi-frame model takes the 3D coordi-
nates of J joints as input, and the dimension of the input vector
of each frame is Jx 3. Using an ungrouped convolution layer
means that each joint position is inevitably affected by the
other J-1 joint positions. This outcome is not reasonable in
our task (Figure 3). The figure clearly illustrates that the position
of the feet keeps stationary while the wrists move rapidly. The
relationship between the two joint positions is very weak. It is
not a wise idea to use all input features to calculate each output
feature. Therefore, we add groups to the network.

In our model, the pre-processing layer and four residual
blocks are all divided into J groups, which correspond to
J different joints of the model input. They calculate the position
offset of each input joint independently without interference
from other joint positions. As movement tends to change the
three 3D coordinates of the joint simultaneously, a strong corre-
lation exists between these 3D coordinates and no further
grouping is required.

Preprocessing Conv Block 1 Block 2 Block 3 Block 4 Fuse Conv1 Fuse Conv2 Fuse Conv3
Kernel Number 4096 4096 4096 4096 4096 1024 1024 48
Kernel Size 3 3,1 3,1 3,1 3,1 3 1 1
Dilation 1 3,1 9.1 27,1 81,1 1 1 1
Group 16 16 16 16 16 1 1 1
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Frame 2

Frame 1

Frame 3

Figure 3. Motivation of grouping joints for accurate estimation. Different joints are marked with different colours. In this shingle-installation action, the lower body of
the worker keeps stationary while his upper body moves frequently. Processing body joints in separate groups can effectively address issues of occlusions and

asynchronous movements.

2.2.2.5. Training strategy. The multi-frame model is to
improve the precision of the 3D coordinate sequence. Given
the limited human pose data, training our model on the
recorded pose data directly may not make the network output
more precise coordinates, the output error is even greater than
the input. To solve this problem, we pre-trained the network and
made it output the same sequence as the input, and then tried to
improve the performance of the network. In the pre-train stage,
we used the input pose sequence with random noises (including
translation and scaling) as labels to train the network (Figure 4).
Random data is infinite, greatly reducing the need of our model
for real data. The noises added to each frame within the same
video were exactly the same to maintain the pose coherence
among the frames with the assumption that the ‘noisy’ environ-
ment was consistent during the same trial. The loss function of
the pre-training stage is shown as follows:

T J X .
LPy) =75 X (FPy +) — WPy +)° @)

__________________________________________________

: e \ zlz 2 7\A\ :
o~ T -l
== ~— " MSE Loss
Random | Multi-frame model
noise !

where A; and y; are the random scaling and translation of the
joint position. A; and ; are the random scaling and translation
of the joint position. f is our multi-frame model. When the
output sequence is similar to the input sequence, ground
truth is used to train the network. The effects of this pre-
training strategy on the performance of the model was evalu-
ated using the experimental data.

3. Results
3.1. Evaluation metrics

Mean per joint position error (MPJPE) is the most common 3D
human pose evaluation metric for calculating the average
Euclidean distance between estimated 3D joint coordinates
and corresponding ground truth. In a video, MPJPE is defined
as follows:

Training Step

Multi-view model results

Multi-frame model results

S5

Conv
Conv

Ground Truth

Multi-frame model

MSE Loss

Figure 4. The proposed two-step model training. We first pre-trained the model by applying random noise to multi-view model outputs; then fine-tuned the pre-

trained model with ground truth annotations.



374 R. WANG ET AL.

Figure 5. Demonstration of our model outputs: 2D pose estimation for each view and a uniform 3D pose estimation.

J
3N By @

t=1 j=1

MPJPE =

where T is the video length, J is the number of joints, Py is

the ground truth 3D coordinate of joint j in frame t, and f’tj is
the predicted 3D coordinate of joint j in frame t.

The MPJPE of the original algebraic model trained by
Human3.6 m was 62.95 mm in our testing data set. We fine-
tuned this model on our training data set and brought its
MPJPE down to 27.93 mm in our testing data set. We used
Mean Square Error (MSE) as the loss function, Adaptive
Moment Estimation (Adam) (Kingma and Ba 2015) as the opti-
miser, and the learning rate was 107>, Finally, we used the fine-
tuned algebraic model to estimate the 3D human pose coordi-
nates for our entire data set. In the following steps, our multi-
frame model took these coordinates as input and output more
accurate coordinates of human pose by combining the informa-
tion between different frames.

3.2. Evaluation results

The representative results on the roofing data set are shown in
Figure 5, which shows the human pose images from three different
perspectives as input, and the final output of the 3D human
skeleton. Figure 6 shows the estimation errors (MPJPE) of different
joints over time in our roofing data set. The MPJPE curve of the
human pose coordinate sequence before reprocessing by multi-
frame model is drawn by the green line, and the MPJPE curve of
the processed sequence is drawn by the blue line. For most joints,
our multi-frame model effectively improves the accuracy and
stability of the multi-view model outputs.

Thorax Spine

Right_foot

4. Discussion
4.1. Comparisons to other models

To further prove the effectiveness of our model, we com-
pared the performance of our model with those of other
common sequential processing models on our data set. We
compared four different sequence processing methods
(Table 2): the traditional methods (mean filter), RNN(Long
Short-Term Memory (LSTM), ungrouped CNN, and our multi-
frame model. Among these models, the window size of the
mean filter is five frames, same as the experiment in (Rayat
Imtiaz Hossain and Little 2018). Temporal Convolution
(Temporal Conv) is the network structure used in (Pavllo
et al. 2019), which does not have grouping step.The com-
parison between the Temporal Conv and our model shows
the importance of grouping. The LSTM model has exactly
the same structure as (Lin et al. 2017), which has 1024
hidden units and one fully-connected layer. Instead of esti-
mating 3D human pose from a 2D pose sequence, we use
this network to reprocess the existing 3D coordinate
sequence. We also tried to train the LSTM with/without pre-
train. The experimental results show that compared with
other methods, our proposed model can improve the pre-
cision of 3D coordinate sequence more effectively. The
traditional method can only reduce the sequence oscilla-
tion, but can’t effectively improve the precision. The
ungrouped temporal convolution network can improve the
precision of 3D coordinate sequence, but the effect is very
limited, further proof that grouping plays an important role
in our task. Finally, the performance of the LSTM is signifi-
cantly improved by pre-training, but its performance is still
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Figure 6. Estimation errors of different joints over time. green: the multi-view model outputs. blue: the multi-frame model outputs. The multi-frame model can

consistently improve the accuracy and stability of the multi-view model outputs.
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Table 2. Comparison between the proposed multi-fame model and other base-
line sequential models.

Table 3. Ablation study of using different dilation sizes (corresponding to recep-
tive sizes).

MPJPE(mm)
Multi-view result (baseline) 27.93
Mean filter 27.45
LST™M 39.56
LSTM+Pre-train 25.77
Temporal Conv 26.11
The proposed multi-frame model 24.81

lower than our grouped multi-frame model. Considering
that Convolutional models enable parallelisation while
RNNs (LSTM) cannot be parallelised, our model has great
advantages in practical application.

4.2. Ablation study of the multi-frame model

In the context of machine learning (especially complex deep
neural networks), we employed an ablation study to evaluate
the effects of different network architecture and the pre-training
on the model performance. The results show that the selected
network structure and parameters in the present study are rea-
sonable, and pre-training is crucial for model performance.

4.2.1. Different perceptive fields

Unlike processing images, the perceptive field plays an impor-
tant role in the model because it indicates the number of
frames acquired by the model. Therefore, we carried out experi-
ments to see how the multi-frame model performs for different
perceptive fields. By adjusting the dilation values, we get six
networks with different perceptive fields, as shown in Table 3.
Among these networks, Recept-245 corresponds to the max
receptive field of our model, in which a larger dilation will lead
to discontinuity of the receptive field. We then trained them
using the ADAM optimiser with the same parameters. The
results are shown in Figure 7, it can be found that for the pre-

Block 1 Block 2 Block 3 Block 4 Receptive

dilation dilation dilation dilation field
Recept-21 1 1 3 3 21
Recept-37 1 3 3 9 37
Recept-85 1 3 9 27 85
Recept-101 3 9 9 27 101
Recept-137 3 9 27 27 137
Recept-245 3 9 27 81 245

trained model, increasing the receptive domain can improve
the model performance. A larger receptive field means that the
model can get more frames to correct for coordinate errors.
Hence, the results of this experiment are reasonable.

4.2.2. Different network sizes

We also investigated the impact of different network sizes on
model performance, as shown in Figure 8. Considering that all
layers of our model have the same number of convolution kernels
except the fuse layers, we set five different numbers of kernels for
all layers in the experiment. The experimental results show that
the model performance will be improved slightly with the expan-
sion of network scale. When the kernel number is 4096 and the
reception field is 245, the network has the best performance.

4.2.3. Dilation and pooling

The performance of the network using pooling and dilation
convolution were also investigated under different receptive
fields, as shown in Table 4. The experimental results show that
dilation convolution can retain more information than pooling,
and achieve better results on the roofing data set.

4.2.4. Pre-Training

Figure 7 also shows that pre-training greatly improves the perfor-
mance of the model. Considering that the MPJPE of the input 3D
coordinate sequence is 27.93 mm, the result of direct training is

Performance (MPJPE) for different receptive fields with/without pretraining
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Figure 7. Performance (mpjpe) for different receptive fields, with and without pre-training.
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Performance (MPJPE) for different number of filters on different receptive fields
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Figure 8. Ablation study on multi-frame model’s number of convolutional filters on different receptive fields. Performance (mpjpe) for different number of filters on

different receptive fields.

Table 4. Ablation study of using pooling layers and dilation convolution layers.

Use pooling Use dilation convolution
Recept-21 27.31 25.8
Recept-37 26.57 254
Recept-85 26.31 25.01
Recept-101 26.12 25
Recept-137 25.78 25.01
Recept-245 25.54 24.81

poor. The model without pre-training cannot improve the accu-
racy of the input coordinate sequence regardless of how large the
perceptive field is used. The coordinate accuracy of the output is
much lower than the input, and the model cannot maintain the
quality of the input sequence. This outcome may be attributed to
insufficient training data, given that human pose data are difficult
to collect. Clearly, pre-training greatly improved the performance
of our model, where the MPJPE of the output sequence decreased
by more than 10% compared to that of the input sequence in our
testing data set. Therefore, adding a pre-training process by using
random data is an important step to increase the accuracy.

4.3. Contributions and limitations

Our two-stage motion estimation approach can effectively and
efficiently estimate 3D worker poses in the roofing task. The
multi-view model was pre-trained offline using the Human3.6
M, which greatly reduced the computational cost. Through the
multi-view model, the estimated human body postures are
more accurate and stable. The accuracy and stability are crucial
to the human movement analysis in the biomechanical domain
since they will largely affect the following musculoskeletal
loading analysis in the future work.

It is worth noting that there are limitations in applications of
our work. When collecting multi-view video data for the pose
estimation, we need to prearrange multiple video cameras and
require the camera configuration parameters. Acquiring

synchronised camera video and configuration data often
involves the specialised hardware and software support. The
experimental part of the work may still require a certain amount
of set-up time and effort. In addition, due to the limitation of the
multi-camera coverage, the workers may not be able to move in
a wider range as they prefer in a real job site.

5. Conclusion

We present a two-stage marker-free 3D motion estimation for
the shingle installation task in residential roofing in this paper,
which can accurately predict construction workers’pose based
on video data acquired from three viewpoints. The first stage is
to build a multi-view 3D human pose estimation model based
on an algebraic model, and its responsibility is to calculate the
worker’s pose for each frame. The second stage is to incorpo-
rate a multi-frame human pose model that can improve the
precision and stability of a 3D pose sequence by fusion tem-
poral information. Compared to other marker-free methods,
our approach fuse the information from multiple views and
frames at the same time. Moreover, our model can be trained
on a single GPU board. Concurrently to the camera data, the
Vicon motion capture system collected 3D marker data of
seven subjects. Compared to the gold-standard marker-based
human pose estimation, the performance evaluation results
show that our approach can estimate the worker pose effi-
ciently and accurately. Moreover, the multi-frame model can
further improve the accuracy of coordinate sequences by inte-
grating temporal information from different frames. The values
of MPJPE before and after reprocessing are 27.93 and 24.81

mm, respectively. This result indicates that this two-stage mar-
ker-free motion estimation approach based on deep learning is
sufficient to accurately capture the posture of the workers and
provides a basis for future musculoskeletal motion analysis.
Future work will focus on using deep learning techniques to
further analyse the relationship between workers’ joint



COMPUTER METHODS IN BIOMECHANICS AND BIOMEDICAL ENGINEERING: IMAGING & VISUALIZATION e 377

kinematics and musculoskeletal loading which could provide
more insights on work-related musculoskeletal injuries.
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