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A B S T R A C T   

We propose a framework for evaluation of finger movement patterns on Rheumatoid Arthritis patients: flexion, 
extension, abduction and adduction. The framework uses a state-of-the-art 3D hand pose estimation method that 
runs in real-time, allowing users to visualize 3D skeleton tracking results at the same time as the depth images are 
acquired. We compute flexion and abduction angles from the obtained skeleton pose parameters. We performed 
data acquisition from a cohort of patients and a control set and compared the angles from those two sets of 
people. An analysis using time series similarity with frequency domain descriptors is adopted to characterize the 
movement patterns for flexion/extension. We performed classification experiments using these descriptors, thus 
distinguishing movement sequences of hands with rheumatoid arthritis from healthy hands. The descriptors used 
in the classification experiment were effective and reached average results of 89% in scenarios of unseen sub
jects, and an average of 82% in experiments with sample synthesis that allow a more robust statistical perfor
mance evaluation. Our framework allows the characterization of the current state of the disorder in each patient, 
with minimal intervention and reduced evaluation time.   

1. Introduction 

Contactless technology is an important trend in biomedical and 
health informatics [1]. Among the different advances, it is worth 
mentioning smart personalized healthcare and telemonitoring [2]. The 
application of AI and machine learning is of particular interest in order 
to fight pathologies such as neurodegenerative disorders and degener
ative arthritis, for instance Ref. [3]. This paper introduces a computer 
vision approach to analyze movement patterns from patients on hand 
occupational therapy. We focus on rheumatoid arthritis (RA) recovery. 

RA is a chronic autoimmune disease that leads to joint deformities 
due to an inflammation that causes the erosion of tissues, including 
bones. This inflammatory mechanism was discovered very recently [4]. 
Findings of population-based studies show RA affects 5–10% of adults in 
developed countries. The disease is three times more frequent in women 
than men, and 50% of risk of developing RA is attributable to genetic 
factors [5]. The clinical complaints include pain, swelling and motion 
limitations of the affected joints. A physical examination reveals the 

presence of pain, increased joint volume, intra-articular effusion, heat 
and eventual redness [6]. Its complications can lead to deformity and 
destruction of joints, due to the erosion of bone and cartilage. Although 
the risk of death is nonexistent, RA severely affects the quality of daily 
life of the patients. In the hand, deformities can reach all articulations, 
causing subluxations and deformities in metacarpophalangeal joints, 
interphalangeal joints and wrists, affecting motor functions. In some 
cases, the progression of the deformity causes ulnar deviation, with the 
destruction of the wrist ligaments that move towards radial deviation. 
Using body compensatory mechanisms, the excessive forces are trans
ferred to the fingers’ extensor tendons [7]. Fig. 1 shows an example of a 
hand with ulnar deviation, in contrast with a healthy hand. 

Since RA is a chronic disease, early diagnosis is important for pre
venting the progression of the deformities, and it is important that 
persistent joint inflammation, progressive joint damage and continuing 
functional decline are assessed by the therapists. Typically, Disabilities of 
the Arm, Shoulder and Hand (DASH) questionnaires are used to assess 
hand function during the recovery process. This evaluation method is 
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based on the patient qualitative self-evaluation of difficulty in the 
execution of daily activities, such as to write, to prepare a meal or to 
make a bed. Quantitative evaluation uses range of motion measure
ments. The standard procedure for measuring range of motion angles 
involves teh use of a goniometer. This procedure is easy and relatively 
reliable, however it is time-consuming and in cases with more de
formities can be difficult and tiring to the patient. In this paper, we 
propose a camera-based framework that can enhance the comfort of the 
patient and the efficiency during the range of motion angle assessments. 
Our procedure is markerless, does not require environmental setups and 
uses state-of-art computer vision techniques. Although this is a very 
important health problem, there are few computer vision methods 
described in the literature to automatically analyze the treatment evo
lution and assess the patient range of motion. This paper presents steps 
to fill this gap. 

The proposed methodology follows the pipeline shown in Fig. 2. Our 
system handles both left and right hands with ulnar deviation, as well as 
healthy hands. The pipeline starts with data acquisition using RGBD 
sensors from a number of patients. A key step in the proposed approach 
is to accurately locate hand joints in 3D. For each depth image, a state- 
of-art 3D hand pose estimation method is applied, producing a 3D 
skeletal model of 21 joints. These skeleton poses (which are represented 
as an array of 3D points) are then analyzed in order to estimate flexion 
and abduction angles and range-of-motion measurements, that should 
be used by the therapist in the treatment. We further analyze the signals 
obtained with sequences of angles to identify structural patterns. We 
classify flexion movements into patients and control set in order to show 
that the use of a state-of-art hand pose estimation algorithm is able to 
generalize for any hand pose given the ideal acquisition conditions, and 
thus such analysis is feasible. 

The main contributions of this study are: (1) we introduce a new 
computer vision framework to support hand occupational therapy based 
on state-of the-art hand pose estimation; (2) we introduce hand move
ment analysis tools based on the estimated angles and range-of-motion 
measurements from skeletons; and (3) we present a new dataset of 
depth maps and hand tracking results obtained using from patients of 
Rheumatoid Arthritis being treated in one of the hospitals of the Uni
versity of São Paulo1. 

This paper is a follow up from the analysis published in Ref. [8]. Here 
we present a new analysis based on time series similarity, with new 
classification results, including an evaluation of two feature extraction 

methods and several classifiers. The rest of this paper is organized as 
follows: Section 2 shows related works on hand pose estimation and 
range of motion measurements in occupational therapy; Section 3 de
tails the proposed framework in each of its steps; Section 4 shows 
experimental results with the data and Section 5 presents concluding 
remarks. 

2. Related works 

2.1. Range of motion measurements 

The evaluation of hand function is fundamental for the therapist to 
plan the treatment as well as to record the results. The literature in hand 
therapy defines metrics and guidelines in order to extract those mea
sures with precision [9]. For measuring joint angles, a widely used 
metric is the range of motion (ROM), which consists in a set of angles 
between joints, whose maximum and minimum values are evaluated 
during flexion/extension and abduction/adduction movements. This is 
usually done in a static way or through mechanical sensors, hindering 
the ability to evaluate those angles while the patient is performing an 
occupational task. One of the most widely used assessment methods for 
range-of-motion measurement is goniometry. With a specific hand/
finger goniometer, the therapist can access objectively and reliably the 
range of motion measurements. The goniometer is widely used due to its 
simplicity and low cost. However the measurement procedure requires a 
trained therapist that must follow protocols. The task is manual, time 
consuming, repetitive, intrusive for the patient and prone to error. Also, 
the measurements are taken in a controlled scenario, and may not reflect 
the real abilities on execution of daily activities. DASH questionnaires 
are used to complement this evaluation. Despite these problems, 
comparing to traditional 2D visual estimation and wire tracing, goni
ometry shows more reliability and precision [10,11]. 

An alternative to goniometry is assessing the range of motion mea
surements from digital photogrammetry. This approach was mostly used 
by surgeons, and some recent works show that the reliability of this 
method has increased over the years [12]. However, the viability study 
presented by Meals et al. [13] shows that so far the use of digital 
photogrammetry has limited effectiveness for measuring hand joint 
angles in comparison to the manual goniometry. One of the main limi
tations of photogrammetry techniques is that the result is not immedi
ately assessed: joints must be photographed and then measured. The 
work indicates future possibilities of using 3D scanning and video cap
ture technology to the development of an automatic goniometer for the 
hand. Since the results of the hand pose estimation are available in 
real-time, we believe that this paper presents an important first step in 
this direction. Other alternatives in the evaluation are the use of elec
tronic goniometers, like the torque-based Multielgon system [14]. 

Among recent works that propose solutions based on computer 
vision, Pereira et al. [15] proposes a smartphone accelerometer-based 
app to measure active and passive knee ROM in a clinical setting. 
However, it is much more challenging to apply such technique to mea
sure hand joints ROM (for starters, one cannot use mobile phones for 
that). Methods based on 2D images for hand pose estimation are still not 
viable. An alternative is the use of depth sensors, and despite their recent 
rise in popularity, few works to date make use of such devices for this 
task. We highlight the work of Lima et al. [16], which is a system that 
uses information obtained by a Leap Motion sensor to estimate hand 
angles. 

We expect that the significant advances in computer vision and hand 
pose estimation can lead to a series of advances in this specific field of 
application. The possibility of acquiring 3D frames and skeletons re
duces most ambiguities found in 2D visual estimation, and its use in the 
treatment of patients can be far less intrusive than using goniometers. 

Fig. 1. Example of hand with finger ulnar deviation (on the right) in contrast 
with a normal hand (on the left) of the same person. Such hand shapes repre
sent a challenge for hand tracking algorithms. 

1 An anonymized version of the dataset has been made available as part of 
this work at http://vision.ime.usp.br/~cejnog/handanalysis/. 
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2.2. Hand pose estimation 

With the development of low-cost depth sensors, the most common 
input data for hand pose estimation is depth maps. The use of such 
sensors reduces the data ambiguity without the need of configuring and 
calibrating a multiple view setup, facilitating the hand pose estimation 
task. 

In recent years, the development of deep learning algorithms led to 
significant advances in machine learning and its applications, particu
larly in Computer Vision. The advent of those algorithms combined with 
the development of accurate solutions for 2D joint detection based on 
Convolutional Neural Networks (CNNs) [17,18] led the community of 
3D hand pose estimation to design methods that are also based on CNNs 
[19–24]. Those methods differ among themselves in the neural network 
architecture and type, the input image type, the hand representations 
used and the use of prior constraints. As an example, the DeepPrior++

[20] uses a Residual Neural Network whose training is based on mini
mizing residual weights in each layer. It also uses data augmentation in 
which realistic samples were generated from simple geometric trans
formations on the original training samples. Guo et al. [24] use an 
ensemble-based neural network which integrates the results of different 
regressors in different regions of the image. Chen et al. [25] compute a 
feature map for each joint and fuse those maps using a structured region 
ensemble network (named Pose-REN), reaching solid results. Wan et al. 
[26] propose the combination of a Generative Adversarial Network 
(GAN) to model the distributions of depth maps and a Variational 
Autoencoder (VAE) to model the distribution of hand poses. This 
method allows training and learning from unlabeled data. 

Fang et al. [27] recently proposed JGR-P2O, a system for 
pixel-to-offset predictions based on joint graph reasoning. This system 
explicitly models the dependencies among joints and the relations be
tween pixels and the joints for better local feature representation 
learning. This method unifies pixel-wise offset predictions and direct 
joint regression for end-to-end training, leading to state-of-the-art re
sults with a relatively low computational cost. 

Another line of work includes methods based on volumetric 

information, which use context features of the 3D point sets in order to 
more accurately locate the joints. Methods such as A2J [28], V2V [29] 
and DenseNet [30] currently reach the best results in all state-of-art 
datasets for hand pose estimation. DenseNet obtains the hand pose by 
fusing 2D and 3D heatmaps. V2V uses an encoder-decoder architecture 
to convert the 2D depth image in a 3D voxel grid, and then estimates the 
per-voxel likelihood of each keypoint, identifying the positions of 
highest likelihoods. These are then warped back to real world co
ordinates. This approach has the drawback of the high computational 
cost of the voxelization procedure, increasing the difficulty of the 
training process. A2J uses anchor points in the depth image which 
capture the global-local context information. The joint position is 
regressed by weighting the influence of each anchor point. The neural 
network used is a 2D-CNN, which lowers the computational cost of 
training. This method currently reaches the best performance results on 
HANDS17 dataset [31], while JGR-P2O is the best performing method 
on NYU and ICVL datasets. 

The current panorama of the area indicates that there is still room for 
improvement on methods based on deep CNNs using depth images, as 
this is the focus of many research groups around the world. This is 
particularly important in the application addressed in the present paper, 
since state-of-the-art methods trained on standard healthy hands tend to 
fail when applied to hands with deformities such as the one in Fig. 1. 

Although a lot of improvement has been observed since the first 
commodity depth sensors became available, all methods have their 
limitations and depth maps are still far from perfect. One potential di
rection for future work is to exploit a pre-processing step to denoise 
depth maps using a method such as that of Yan et al. [32]. 

Another potential avenue to be explored for 3D hand pose estimation 
is the use of a tracking-as-detection approach (or indeed, tracking-as- 
retrieval), similar to what was done by Stenger and others in the mid- 
2000’s [33]. Despite the relative success back then, such an approach 
does not seem to have been explored again since the deep learning 
revolution. The deep multi-view retrieval method of Yan et al. [34] has 
certainly a high potential of success in a tracking-as-retrieval 
framework. 

Fig. 2. The proposed pipeline extract and analyze hand joint angle measurements from RGBD images acquired in real-time.  
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Other problems that relate to inferring 3D from 2D RGB images, such 
as room layout estimation [35] can certainly inspire methods for hand 
pose estimation without depth information. More closely related are the 
methods of 2D joint detection based on CNNs and their successful 
application to problems such as human pose estimation [36]. Methods 
that use learning-based 2D joint detection and Inverse Kinematics have 
been proposed to estimate hand pose based exclusively on RGB image 
[37–40]. The development of monocular image-based pose estimation 
methods is important for generalization and ease of use, but the absence 
of the depth dimension makes the problem much harder. Data-driven 
methods need much larger datasets to be trained in order to obtain a 
good generalization ability. 

3. Proposed approach 

We follow the pipeline of Fig. 2, divided into data acquisition, 3D 
hand pose estimation and analysis. Table 1 presents a list of the main 
mathematical symbols used in this paper. 

3.1. Data acquisition 

As first step of the project, our goal was to acquire data from patients 
with hand deformities due to rheumatoid arthritis (RA). This data was 
obtained from patients of the Hospital das Clínicas from University of 
São Paulo. Several depth sensors were evaluated in a range of pre
liminary experiments and we found that the Intel RealSense® SR300 
generates the best depth maps and has a range which is the most suitable 
for our acquisition scenario. 

The setup is illustrated in Fig. 3. For the acquisition, the distance 
between the camera and the elbow support was fixed, but the hand itself 
was kept free. However, the hand needs to be the nearest object with 
respect to the camera, otherwise the tracker produces very noisy results. 

We applied a depth threshold on the depth map to reduce the search 
space of the tracker. For each patient, we recorded movements of flexion 
and abduction.2 Figs. 4 and 5 show examples of flexion and abduction 
movements recorded from control subjects. 

Our dataset contains samples captured from 12 healthy subjects and 
8 RA patients, performing flexion and abduction movements with each 
of their hands. For each RA patient and each hand with ulnar deviation, 
we obtained two flexion and two abduction sequences. The data ac
quired from patients is limited due to the availability of patients and 
occupational therapists. We performed sample synthesis (SS) in a similar 
way to data augmentation strategies. The goal was to evaluate the effect 
of noise in the hand pose measurements as well as to balance the classes 
in the performance assessment experiments (Section 4.3)3. 

Table 2 presents a summary of our dataset. There is a number of 
challenges in acquiring data from real patients of a degenerative con
dition that mostly affects elderly people. The challenges include 
matching agendas, setting up acquisition hardware in the restricted 
space of a busy clinic with tight schedule and getting patients who do not 
mind having their deformed hand captured on video. To the best of our 
knowledge, our dataset is the first of its kind and we made it publicly 
available from http://vision.ime.usp.br/~cejnog/handanalysis. This is 
indeed one of the main contributions of our work. The raw data captured 
from the sensor included RGB channels, which could potentially expose 
and enable the identification of patients. We reprocessed all the data to 
remove the RGB channels and to store the depth maps in an accessible 
way that is compatible with Pose-REN and does not affect the results 
reported. 

In some of the captured sequences the patient wore an orthosis. 
Quoting Goia et al. [7], ‘‘orthoses are external devices applied to any 
part of the body to stabilize or immobilize, prevent or correct de
formities, protect against injury, maximize function and reduce the pain 
caused by deformity’‘. In the treatment of fingers ulnar deviation due to 
rheumatic arthrosis (RA), orthoses are tailor-made by therapists and act 
like a lever system distributing the force applied to correct the fingers 
ulnar deviation. The orthoses worn by the patients in our dataset were 
built by a team of bioengineers, mechanical engineers and occupational 
therapists, using a CAD system and a 3D printer, as detailed in Ref. [7]. 

3.2. 3D hand pose estimation 

Given the unusual features of patient hands, the hand trackers that 
generate the best results on standard benchmarks do not necessarily 
perform well on our dataset. After a range of preliminary experiments, 
we chose Pose-REN [25] trained with the HANDS17 dataset [42], which 
produced the best results when applied to our data.4 Pose-REN is based 
on the estimation of feature maps using Convolutional Neural Networks 
(CNNs). These feature maps are combined using an ensemble network, 
in order to generate a consistent hand pose. 

The method takes as input a depth image D and returns as output the 
3D locations P = (pxi, pyi, pzi), i ∈ {0,⋯,Nj} of the hand joints, where Nj 

is the number of joints of the hand model. The architecture is recurrent: 
the current estimate of the hand pose S t is used as input to help refining 
it at S t+1. In the first iteration, a coarse hand pose S 0 is estimated using 
a simple CNN. The network then enhances this pose in two steps: pose- 
guided region extraction and structured region ensemble. For a pose S t, 
in the region extraction, each point of the skeleton is projected from 

Table 1 
Symbols and abbreviations used in the rest of the paper.  

Symbol Meaning 

D  Depth image 

S→(t) Skeleton at frame t 

MCPk  Metacarpophalangeal joint for finger k 
PIPk  Proximal interphalangeal joint for finger k 
DIPk  Distal interphalangeal joint for finger k 
TIPk  Tip joint for finger k 
W Wrist joint 
CMC  Carpometacarpal thumb joint 

̂FMCPk  Flexion angle for joint MCPk  

̂FPIPk  Flexion angle for joint PIPk  

̂FDIPk  Flexion angle for joint DIPk  

ATIPk  Abduction distance between tips of fingers k and k − 1  

A→ =

ai(t)

Angle representation of a clip as a set of functions: ai represents the ith. 
angle on frame t.  

F ai  Fourier transform of the angle representation ai.  
F  Concatenation of Fourier transforms of all angles ai that compose the 

angle representation A→ of the clip.  
N (μ,σ) Gaussian distribution with mean μ and standard deviation σ. 
LOO Leave one person out. 
ROM(j) Range of Motion of a joint j, computed by subtracting the extension angle 

from the flexion angle of such joint. 
SS Sample Synthesis 
TAM(f) Total Active Motion of a finger f.  

2 In the rest of this paper, we use ‘‘flexion’’ and ‘‘abduction’’ as a shorthand 
for ‘‘flexion/extension’’ and ‘‘adduction/abduction’’ movements.  

3 This approach has been inspired by a solution proposed in bioinformatics, 
where the small sample size problem is common in many situations, see 
Dougherty et al. [41].  

4 After the development of our experiments and the writing of this paper, the 
JGR-P2O [27] was published along with its source code. An evaluation of that 
method for RA patient image sequences is suggested as future work. 
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world to pixel coordinates, and a bounding box around each joint is 
cropped, generating the feature regions F t

i . In the ensemble network, 
those feature regions are processed by fully-connected (fc) layers, 
generating for each joint j feature vectors hl1

j , where l1 indicates the first 

fc layer. These feature vectors are integrated hierarchically according to 
the topology of the hand, i.e. joints that belong to the same finger are 
concatenated in the same vector. This vector is then fed into another fc 
layer, whose output is a feature vector hl2

i for each finger i. The vectors of 
all fingers are concatenated and again fed to a fc layer, whose output is 
S t+1, a 3 × Nj matrix of point positions in 3D. This pose is then fed into 
the initial layer, starting a new iteration of the network, and gradually 
features around the location of the fingers contribute more to the feature 
vectors than distant features, optimizing the output poses. This method 
is currently among the best performing methods in all state-of-art 
datasets. Its implementation is available online.5 

The skeleton used by HANDS17 dataset has 21 points of reference: 
the center of the wrist (W) and for each finger k the proximal inter
phalangeal (PIPk), the distal interphalangeal joints (DIPk) and the tip 
(TIPk). The exception is the thumb, which is represented by the carpo
metacarpal joint (CMC) and a single interphalangeal joint (IP). Fingers 
are represented by the respective Roman number (I–V: I for the thumb, V 

Fig. 3. Setup used for data acquisition, with the Intel RealSense® SR300. The SR300 has an operating range of up to 2 m. In our application the subjects were 
instructed to keep their hand at a distance of no more than 60 cm from camera lens. 

Fig. 4. Example of flexion/extension movement.  

Fig. 5. Example of abduction/adduction movement.  

Table 2 
Summary of our dataset, available from http://vision.ime.usp.br/~cejnog/han 
danalysis.  

Summary 

Patients with rheumatoid arthritis 8 
Number of people in the control set 12 
Patient Sequences 79 
Control Sequences 108 
Patient clips 310 
Control clips 581 
Total clips 891 
Total number of frames 85,755 
Frames used on clips 60,192 
Percentage of frames used 70.2%  
Size (GB) 482  

5 https://github.com/xinghaochen/Pose-REN. 
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for the little finger). The skeleton is represented in Fig. 6. In our pipeline, 
we will refer to a depth image as D(x, y, t) and to the skeletons obtained 
by the hand pose estimation algorithm as S→(t). 

As a preprocessing, we perform depth filtering. As mentioned in 
Subsection 3.1, in most cases this is sufficient to segment the hand in the 
scene. Fig. 7 shows qualitative results of the Pose-REN method with 
patient data. In general, the method can handle the challenges of the 
dataset, but in some examples there are visible inaccuracies. The main 
challenges were the presence of orthosis, since the method was not 
trained to deal with hand-object interactions; situations where the arm is 
preeminent and not segmented by background threshold, and when the 
fingers are flexed in the abduction movement. From all frames captured, 
we utilized 70.2% in the dataset, discarding frames that are not in the 
predefined movement sequences and frames with inaccurate skeletons. 
This selection was done using a visual inspection and it shows that the 
pose estimation method worked well in at least 70.2% of the frames, 
though some frames were discarded simply because the subject was not 
performing the required movement. 

3.3. Hand analysis 

Using the skeletons S→(t) obtained by the hand pose estimation 
method, the analysis aims to obtain measurements of flexion/extension 
and adduction/abduction. Such measurements are computed for each 
frame of all sequences obtained in the acquisition. Our ultimate goal is to 
estimate these angles with accuracy similar to that obtained using 
manual measurements with goniometers, but in a more efficient and less 
intrusive way. 

The estimation of the flexion angles is obtained by extracting the 
vectors between the adjacent joints in the structure. For the finger k, the 
flexion angles from the joints MCP, PIP and DIP are defined respectively 
as: 

̂FMCPk = arccos
(

MCPk − W̅̅̅̅̅̅̅→ ⋅ PIPk − MCPk
̅̅̅̅̅̅̅̅̅→

)
(1)  

F̂PIPk = arccos
(

PIPk − MCPk
̅̅̅̅̅̅̅̅̅→ ⋅ DIPk − PIPk

̅̅̅̅̅̅̅̅→
)

(2)  

̂FDIPk = arccos
(

DIPk − PIPk
̅̅̅̅̅̅̅̅→ ⋅ TIPk − DIPk

̅̅̅̅̅̅̅̅→
)

(3) 

For the thumb, the flexion angles of CMC and IP joints are obtained 
analogously. 

As for abduction, there are some difficulties to compute it as an angle 
because the angle between two phalanx bones actually depends on two 
systems of joints, rather than a single joint that connects both. This 
makes it hard to dissociate abduction from flexion angles, particularly 
on hands with deformities. For this reason, it is common that occupa
tional therapists actually measure abduction by the distance between 
two consecutive fingertips. In any case, we also compute the opening 
between the fingers, which is not a usual measurement for occupational 
therapy, but is straightforward and can indicate other types of patterns 
in a way that is invariant to the size of the hands. The opening angle is 
computed as the angle between the midpoint of the MCP joints of both 
fingers and each PIP joint. 

ATIPk =
⃒
⃒
⃒
⃒TIPx− 1 − TIPk

⃒
⃒|2

OPk = arccos
(

PIPk − mid(MCPk,MCPx+1)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ →

⋅PIPx+1 − mid(MCPk,MCPx+1)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅→)

(4) 

Figs. 8 and 9 show angles ̂FMCP3, ̂FTIP3 , ̂FPIP3 and ̂ATIP3 computed 
for all frames in a sequence obtained with a control individual and a 
patient, respectively. These figures also show the correspondences be
tween given poses and maximum and minimum values on the angle 
graphics, thus illustrating that the method of hand pose estimation 
reaches consistent results for flexion movements. For the patient with 
ulnar deviation, the angle sequences show a higher variability, which is 
caused by the higher variability of the hand shapes of the patient. 

Results obtained from the patient and control hands show that the 
Pose-REN method is able to generalize for unseen shapes, and despite 
the inaccuracy for unusual hand poses, the overall performance for angle 
detection shows that the method can be used in our pipeline. 

4. Experimental methodology and results 

4.1. Data description 

For all sequences of movement acquired with the patients and with 
the control individuals we compute the flexion and abduction angles 
frame by frame, and manually extract the landmark frames in the 
beginning and in the end of each movement. These landmarks could be 
detected automatically using a time series analysis method, but we as
sume that the therapist will hit a trigger to indicate when to start 
measurements in the GUI to be developed as part of this project. 
Furthermore, we preferred to keep temporal landmark detection out of 
the scope of our evaluations. We will refer to the angle representation of 
a movement sequence as a clip, representing the i-th angle as ai(t). 

For each detected cycle of movement, we normalize the sequences of 
hand points trajectories by sub-sampling them, so that all clips have the 
same duration (i.e., the same number of measurements). The sample 
representation used for the classification experiment is based on the 
extraction of Fourier coefficients F (i) for each angle ai. The 25 first 
coefficients for each angle are concatenated and stored as a sample 
representation. The coefficients of the Fourier transform Fai (u) for an 
angle ai are computed by: 

F ai (u)=
1
N

∑N− 1

t=0
ai(t)e

− j2πut
N ; u = 0,⋯, 24 (5) 

Let Na be the number of angles computed for each clip. The final 
representation F (u) of a clip is the concatenation of all Fourier de
scriptors of all angles. 

Fig. 6. Hand model used in the HANDS17 dataset.  
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F = concat(F ai (u)), (6)  

for i = 1,⋯,Na and u = 0, ⋯, 24. Fig. 10 shows examples of training 
samples, obtained after the FFT processing. Note that each sample has 
25 × Na = 575 dimensions. 

4.2. Classification 

We performed a series of experiments to classify sequences into pa
tients or control. Since the number of samples is small, we defined three 
types of classification experiments: 80-20% split, leave-one-person-out, 
and leave-one-person-out with sample synthesis (LOO + SS). 

The goal of the initial experiments was to validate the feature 
extraction method based on Fourier descriptors and to choose an 
adequate classification algorithm. To validate our method, we defined a 
baseline descriptor which is built by simply concatenating of the mini
mum and maximum value of each angle of each joint of the hand. 

B = concat(min(ai),max(ai)), (7)  

for i = 1,⋯,Na. We performed paired experiments with both baseline 
and Fourier descriptors, using Split and Leave-one-person-out strategies. 

• Split (80–20): since the sample shuffling can affect the data dis
tribution, we perform 10 instances of classification, each with a random 

split of 80% of the samples for training and the remaining for testing. We 
then report the mean and standard deviation of the accuracies obtained. 

• Leave-one-person-out (LOO): we choose one person and take all 
clips from that person as the test set. Training is done with all other 
sequences. This test shows whether the pattern obtained from a patient 
or a control subject can generalize well for unseen subjects. We grouped 
the results in control and patient groups, showing the mean and stan
dard deviation of the accuracy of both groups. 

Additionally, different supervised classifiers have been tried in both 
Split 80–20 and LOO during the experiments, namely: AdaBoost, Deci
sion Tree, Gaussian Process, Linear SVM, Naive Bayes, Nearest Neigh
bors, Neural Net, QDA, Random Forest and RBF SVM. Among the 
classifiers, the Linear SVM presented the best performance. The results 
of both experiments are shown in Tables 3 and 4. 

The best combination of classifier and descriptor in both experiments 
was the Linear SVM with the Fourier descriptor, reaching an accuracy of 
94.1% in the Split 80–20 experiment, and 89.6% in the leave-one- 
person-out experiment. It is worth mentioning that, except for some 
specific cases, most classifiers did not perform much worse than the SVM 
results here reported. Our interpretation is that the proposed hand 
tracking and angle measurements successfully capture the differences 
between control and patient movements in a robust way. Therefore, the 
classification task itself does not critically depend neither on the features 
nor on the classifier, which is a good advantage of the proposed 

Fig. 7. Qualitative results obtained on our patients data using Pose-REN [25] trained with the HANDS17 model. Note that (h), (i), (j), (k) and (l) present some failure 
cases. However, those are surprisingly good results because in those images, the patient presents a high level of hand deformity and is wearing an orthosis. Results 
also degrade when the arm is preeminent in the image. 
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framework. 
The Fourier descriptor was consistently better than the baseline 

descriptor, with an average difference of 5%. The baseline result reached 
the average accuracy of 84% in the leave-one-person-out, which in
dicates that the minimum and maximum angles are important mea
surements and can be used to identify patient and control. However, the 
information added by Fourier descriptors is able to consistently improve 
the performance, working as a fine-tuned descriptor. 

The high accuracy of the Linear SVM in both experiments is a good 
indicative, especially in the leave-one-person-out, which shows that the 
descriptor can be generalized for unseen subjects. For patients, the ac
curacy was slightly lower, which is expected as the data is more diverse, 
since each patient’s hand is in a different stage of ulnar deviation. This 
higher variance in hand shapes and movement patterns creates data 
clusters that are more challenging for the classifier. 

4.3. Data generation with sample synthesis 

For the third experiment we performed sample synthesis (SS) [41] to 
address the inbalance between the amount of samples from patients and 
control. In this process, we generate synthetic data from the samples. 
With this, we can evaluate the results of the tracker in the presence of 
noise. In our work, we applied Gaussian noise for each skeleton. One 
could question why we have not applied standard data augmentation 
strategies on the depth maps, instead of injecting noise on the pose 

estimation data. The data augmentation strategies used in other com
puter vision applications usually follow two strategies: (a) RGB value 
perturbations (such as changing brightness, contrast, injecting Gaussian 
noise, etc.) and (b) homography transformations, cropping and padding. 
These strategies cannot naïvelly be applied to depth maps for the 
following reasons:  

(a) The behaviour of noise in depth maps is different from that of 
pixel RGB values. The noise from depth sensors that are based on 
active infra-red patterns tend to alternate between Gaussian-like 
patterns and patches with unknown depth values. In fact, Yan 
et al. [32] have exploited the intrinsic low-rang and 
self-similarity property of depth images to propose a denoising 
method. A proper data augmentation method should start from a 
3D scene model and apply a transformation that would do the 
inverse of what the method of Yan et al. does.  

(b) Homography-based distortions would be unrealistic for our data 
acquisition setting and would generate on unexpected depth 
values. An alternative would be to geneate a 3D point cloud from 
each depth map, perturb the 3D position of each point and re- 
generate depth maps by ray tracing and interpolations. 

There are works in the literature that discuss the best ways of aug
menting depth maps, for problems that are different than hand pose 
estimation, such as depth completion [43]. However, the complexity of 

Fig. 8. Angle estimates and two correspondences to poses obtained by the pose estimation algorithm on a control individual.  
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such methods would certainly slow down the training process. 
Furthermore, our depth maps were acquired using a real sensor in 
non-ideal conditions (particularly when the patients were wearing or
thoses). This means that the depth maps already had a noise that is very 
typical of that kind of sensor and those conditions. We therefore believe 
that there was no need to inject further noise on depth maps to syn
thesize new samples. Instead, we focused our sample synthesis method 
on modelling potential imperfections of the hand pose estimation 
method (rather than on the depth maps), which is why it was more 
sensible to inject noise on the resulting 3D point positions. This is in line 
with other papers about pose estimation methods: many of them make 
use of skeletons and model priors for sample synthesis and for the 
training process [44–46]. 

Therefore, for a sequence 

S→(t) = {xi(t), yi(t), zi(t)}

for i = 1,⋯,Nj and t = 1,⋯,T, we generate the augmented sequence 

S→
′

(t)= {xi(t) +N (0, σ), yi(t)+N (0, σ), zi(t) +N (0, σ)} ,

where N (μ, σ) represents a Gaussian function with μ mean and σ stan
dard deviation, measured in millimeters. This procedure is applied in 
each frame to generate new clip samples. 

In this sense, we augmented the training and the testing sets and 
performed the Leave-one-person-out experiment. We analyze the 

variations of control and patient sets and evaluate how the Gaussian 
noise affects the classification accuracy. For each patient hand and noise 
magnitude, we generated 100 augmented samples from the original 
sequences. The training set is composed of each execution with 100 
random samples of the remaining patients, such that the number of 
control and patient samples is equal, and the test set is composed of all 
samples of the unseen patient. We repeated the leave-one-out experi
ment using all subjects for testing and different values of σ (1, 2 and 4). 
We used the Linear SVM classifier and the Fourier descriptors, which 
yielded the best results in previous experiments. The results are shown 
in Table 5. 

We observe that the results obtained in the leave-one-out experiment 
are a more accurate representation of the classification experiment for 
unseen hands. The presence of augmented data lowers the accuracy for 
the patient set (around 75% in this case, for all values of σ), with sig
nificant values of standard deviation. This small performance loss was 
expected due to the variance of hand poses in the patient set, as dis
cussed earlier. Nonetheless, the results were consistent and show that 
the pipeline is able to handle different levels of noise, and that the angle 
analysis can deal with small inconsistencies from the tracker. 

5. Conclusion 

We sought to evaluate the possibility of using state-of-art hand pose 
estimation for hand occupational therapy evaluation. We defined an 

Fig. 9. Angle estimates and two correspondences to poses obtained by the pose estimation algorithm on a RA patient.  
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acquisition setup with a patient set and a control set, obtaining flexion 
and abduction movement sequences. In case of patients, the ulnar de
viation and the use of orthosis affect the acquisition and the resulting 
hand pose, which makes the problem even more challenging than cur
rent state-of-art hand pose estimation. 

We estimated the hand pose using the Pose-REN algorithm, arguably 
one of the state-of-art techniques, and presented a method to convert 3D 
point coordinates to flexion and abduction angles. We proposed a 
strategy to register sequences of movements and represent cycles of 
movements as feature vectors based on frequency domain descriptors. 
This representation of the movement patterns is then used for classifi
cation, aiming to identify patterns and distinguish patients and control 
data. 

Fig. 10. Examples of Fourier descriptors, obtained through the concatenation of Fourier descriptors for each angle of a clip.  

Table 3 
Best performance classifiers on the Split experiment (in percentage of accuracy).  

Experiment Control (%)  Patient (%)  General (%)  

Fourier Linear SVM 96.31 ± 3.07  91.97 ± 6.55  94.14± 5.56  
Baseline QDA 96.66 ± 3.81  89.11 ± 6.82  92.88 ± 6.69  
Fourier Nearest Neighbors 97.08 ± 3.42  86.31 ± 9.39  91.69 ± 8.88  
Baseline AdaBoost 94.99 ± 4.29  83.08 ± 12.56  89.04 ± 11.11  
Baseline Neural Net 88.87 ± 8.93  88.65 ± 8.03  88.76 ± 8.49  
Baseline Linear SVM 92.72 ± 3.69  84.60 ± 7.51  88.66 ± 7.17  
Fourier AdaBoost 95.86 ± 1.51  78.97 ± 11.65  87.41 ± 11.85  
Fourier Neural Net 94.37 ± 5.88  78.50 ± 13.42  86.44 ± 13.05  
Baseline Nearest Neighbors 95.30 ± 4.68  73.79 ± 13.97  84.54 ± 14.97  
Baseline Random Forest 98.96 ± 1.62  65.33 ± 15.04  82.15 ± 19.93   

Table 4 
Best performing classifiers on the leave-one-person-out experiment.  

Experiment Control (%)  Patient (%)  General (%)  

Fourier Linear SVM 94.33 ± 10.53  81.57 ± 31.34  89.63± 21.67  
Fourier Neural Net 92.89 ± 12.01  73.11 ± 36.33  85.60 ± 25.85  
Baseline AdaBoost 89.54 ± 15.54  74.07 ± 30.09  83.84 ± 23.28  
Baseline Linear SVM 89.08 ± 20.29  74.57 ± 33.44  83.74 ± 26.85  
Baseline Neural Net 87.35 ± 22.97  73.91 ± 35.87  82.40 ± 29.14  
Fourier AdaBoost 91.92 ± 8.93  65.71 ± 34.74  82.26 ± 25.59  
Fourier Decision Tree 90.76 ± 10.56  62.01 ± 28.66  80.17 ± 23.78  
Baseline QDA 90.58 ± 17.43  59.71 ± 38.39  79.21 ± 30.93  
Baseline Random Forest 95.82 ± 9.59  49.71 ± 40.60  78.83 ± 34.06  
Fourier Nearest Neighbors 92.50 ± 16.03  53.64 ± 40.62  78.18 ± 33.49   

Table 5 
Linear SVM accuracy (in %) with sample synthesis using different values of σ (in 
mm).  

Experiment Control Patient General 

LOO 94.66 ± 8.45  83.00 ± 31.69  90.37 ± 21.14  
LOO + SS, σ = 1  88.19 ± 19.31  72.35 ± 36.87  82.35 ± 28.19  
LOO + SS, σ = 2  88.61 ± 18.19  73.24 ± 36.18  82.94 ± 27.32  
LOO + SS, σ = 4  86.97 ± 18.17  73.31 ± 34.96  81.93 ± 26.49   
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The proposed method is able to accurately estimate skeleton angles 
and range of motion measurements from control and Rheumatoid 
Arthritis (RA) patients, even with the 3D hand pose estimation algorithm 
being trained in a completely different dataset of healthy hand move
ments. Results for classification are promising, showing that a simple 
movement cycle is enough to distinguish patients from control. 

We expect that the evolution of the state-of-art methods for hand 
pose estimation will lead to further advances in the analysis of patient 
patterns and RA diagnosis. 
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