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ABSTRACT OF THE THESIS

Continuous Human Pose Estimation Using Long Short-Term Memory and Particle Filter

by

Chenghao Gong

Master of Science in Electrical Engineering

(Machine Learning and Data Science)

University of California San Diego, 2019

Professor Vikash Gilja, Chair

Estimating human pose in a continuous time series has many practical applications. For exam-
ple, imagine that some time in the future robot would like to interact with human beings, for that robot to
meaningfully interact with a human it needs to interpret and anticipate human movements and gestures. Ac-
quiring continuous human pose estimates can also inform specific applications like brain-machine interface;
specifically, we can use accounts of human pose data across time to study the relationship between neural
signals and human pose. In this thesis, we will focus our work on the continuous human pose estimation in
the clinical environment.

There are many existing methods for estimating human pose from camera image, and many of



them employ deep learning and convolutional neural network (CNN) architecture, which are widely used
in computer vision. However, after estimating possible human poses from a single image frame, might we
be able to use the statistical regularity of human movement to improve pose estimation? In this work we
demonstrate that by modeling this regularity across time pose estimation can be improved. We demonstrate
this by applying a post-processing method to confidence maps of pose generated using existing computer
vision methods applied to each frame. Our post-processing method models movement using a long short-

term memory (LSTM) network and a particle filter based framework for estimation.

xi



Chapter 1

Introduction

1.1 Motivation

The primary motivation of this work is to improve human pose and movement estimation in clinical
settings. Human pose estimation in general is an important research area with applications on neuroscience
and robotics. Recently, deep-learning based methods like DeepPose [1] and OpenPose [2], have achieved
excellent performance on this task in uncluttered environments. However, in cluttered environments with
high lighting variability these methods are less reliable. In general, these methods do not model human
movement dynamics and thus one strategy for improving estimation is to integrate information across time.

There are previous studies that take the temporal dynamics into consideration when performing the
human pose estimation. For example, Pfister [3] proposes to use optical flow to warp the current frame
information onto the next frame to provide a regulation that constrains the predictions with natural human
kinematics. However, this work did not fully utilize the temporal information, nor did it build a accurate
model for the human motion. Therefore, in the current work, we propose a post-process method, applied
to single image estimates of human pose. We introduce a particle filter [4] that integrates single image
confidence maps across time and we utilize a Long Short Term Memory (LSTM) network architecture [5] to

constrain pose estimates to naturalistic human kinematics. In addition to integrating confidence across time,



the proposed method utilizes soft estimates of human joint positions, with the ability to maintain multiple
hypotheses, as opposed to making a hard choice at every time-step. In order to validate our method, we apply
the method to two video-based human pose datasets, PatientPose [6] and HumanEva [7], and demonstrate
the proposed method results in substantial improvement compared to existing post-process method in human

pose estimation.

1.2 Thesis Overview

The remainder of this thesis is organized into four chapters, organized as follows:

In chapter 2, we will present existing algorithms that we will use as benchmarks to evaluate our
proposed algorithm.

In chapter 3, we will illustrate how particle filtering can provide us with a better state-observation
model compared to existing methods, and we detail our implementation. We will then benchmark the result
of this stage.

In chapter 4, we describe why the LSTM can provide a better model of natural human movement
kinematics when compared to the linear kinematics that was used previously, and we will integrate the
LSTM into our particle filtering algorithms and will benchmark the results.

In chapter 5, we conclude with a description of the contributions of this work and we discuss the
potential applications for which these methods are suitable. We also summarize the directions that this work

could go further, and specifically what future work can be done to improve this method.



Chapter 2

Existing Benchmark Human Pose

Estimation Post Processing Methods

We build off of PatientPose which is prior work that adds a linear kinematic model to the Caff
Heatmap pose estimator. Thus, we briefly describe Caffe Heatmap and how PatientPose adds a post pro-

cessing step to model kinematics.

2.1 Caffe Heatmap

Pfister [3] uses the convolutional neural network(CNN) [8] to regress heatmaps for the possible
location of each joint of human pose. The method then aligns the heatmaps between consecutive frames with
optical flow as a basic method to provide a temporal constraint between successive frames. This method,
named Caffe Heatmap, achieves impressive results on uncluttered images. However, Chen [6] found that
Caffe Heatmap performance drops in noiser and more cluttered environments. The Caffe Heatmap is very
general of the model and has a very limited model of temporal dynamics. Therefore, Chen [6] proposed

PatientPose as a the builds off of Caffe Heatmap and adapts it specifically to the patient monitoring scenario.
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Figure 2.1: Markov Model. Hidden Markov model assumes that the current state is d-separated to other node
by the previous state, while current observation is d-separated to other node by the current state.

2.2 PatientPose

In order to achieve better performance for subject-specific estimation in the clustered environment
of the clinic, Chen [6] introduced a methodology that is built upon the Caffe Heatmap architecture. In
contrast to the traditional human pose estimation, Chen utilizes 1. Image pre-process including cropping
and lighting normalization, 2 subject-specific training with high variance and high-quality data, and 3, post-
processing using standard Kalman filter [9] with statistically learned noise parameter individually for each
human joints. In our work, we will benchmark the impact of replacing the Kalman filter with our proposed

post-processing algorithm.

2.2.1 Kalman Filter in PatientPose

Markov Model

The Kalman filter is a Markov model. In a Markov model, as shown on figure 2.1, we assume the
current state is conditionally independent to other nodes by given the previous state (Markov Assumption),
and current observation is conditional independent to other nodes by given the current state. Therefore,

there are two very important probabilities in Markov Models: state transitional probability: P(S;1|S;) and



state to observation probability: P(O;|S;).

Kalman Filter Assumptions

As a Markov Model, the Kalman filter is also built upon the Markov assumption, and Kalman filter
assumes that the world is built with states and observations. The Kalman filter can be used to estimate the
state of the world given a set of the observations. This estimation or filtering has two steps: 1. Prediction:
this is a forward prediction of the state and its error covariance based upon the current state estimate, 2.
Update: then we revise the prediction based a new observation made at this next time step.

In PatientPose [6], the Kalman Filter assumes that the true joint locations and velocities of human

poses are states, Sy, and the highest confident location of the joints from Caffe Heatmap are the observations,

O;:
Location, at timet
Locationy at timet
Sl =
Velocity, at timet
Velocityy at timet
and

Observed location, at timet
0[ -

Observed Locationy at timet

PatientPose assumes that the state transitional probability P(S;1|S;) is a Gaussian distribution with
a mean that is a linear transformation of S; (as in [10]) with a variance of Q. In patient pose, the state to
observation probability P(O;|S;), on the other hand, is a Gaussian distribution with a mean that is assumed

to be the actual joint locations. This observation model has a variance parameter R.



Kalman Filter Parameter Estimation

While the means of both P(S;,1]S;) and P(O;|S;) can be specified directly from the definition of
the states and observations, we need to lean the variance parameters Q and R. In PatientPose, Chen utilized
Maximize Likelihood Estimation inspired by Abbeel et al. [11] with the close-form solution for both Q and

R as following:

Quie = = Y, (Si —AS1)(Si — A1), 2.1
t=1
1 T
Rurg = —— Y (0, —HS,)(0, —HS,)" . (2.2)
T+15
with ) )
1 0 At 0
01 0 A
A=
00 1 0
00 0 1

is the linear state transformation that AS; will give us the rough prediction of the S;1, in the prediction step
of the Kalman filter. This transformation assumes that the next position is simply determined by integrating

velocity over the time step duration. This model also assumes velocity is constant.

1 00O
H:
01 00

is the state to observation transformation that S, will yield the expected observation as a read out of the

position terms from the state vector.



Chapter 3

Particle Filter

3.1 Motivation

In chapter 2 we described the assumptions made by the Kalman filter made as applied by Patient-
Pose. Recall that the model assumes that both the state transitional probability P(S;+1|S;) and the state to
observation probability P(O;|S;) are Gaussian distribution. In this section, we will focus on the definition
of P(O|S;).

As stated on chapter 2, Kalman filter in PatientPose treat P(0O;|S;) as Gaussian distribution with a
mean equals the position terms of the S;. When applying the filter, PatientPose assumes the observations are
the peak values in the heatmap. Intuitively speaking, assuming that the peak is the observation will result in
a loss of all other information contained in the heatmap. For example, if we look at the example heatmap of
a joint calculated from a real image frame shown in figure 3.1, we see that there are multiple possible peaks
inside the heatmap. It is likely that the true joint position is near one of these peaks. If the most possible
location inside this heatmap is not the ground true, the observation provided to the filter will be far from the
true joint location.

Ideally, we would like to model the possibility of the joint being observed at any of the high-

confidence areas of the heatmap. Unfortunately, the standard Kalman filter is not easily adapted to such a



Figure 3.1: Counter Example Heatmap. This is a counter example of why only treat the peak of the heatmap
as observation will cause the loss of information.

complex distribution, as it only tracks a state mean and covariance over time. Because of this shortcoming of
the Kalman filter approach used in PatientPose, we decided to use a particle filter [4] to replace the Kalman
filter as a post-processing methodology in continuous human pose estimation task. The particle filter, like
the Kalman filter, is also a method to estimate the internal state when only partial observations are given.
In contrast to the Kalman filter, the particle filter uses a collection of the “particles” to represent the state
probability instead of assuming it is a Gaussian distributed. By having a set of discrete particles, the particle

filter, unlike the Kalman filter, can maintain multiple hypnosis.

3.2 Assumptions of Particle Filter

In our initial implementation of the particle filter, like the Kalman Filter, we assume that this con-
tinuous human pose estimation task has linear kinematics. Thus, P(S;41[S;) is unchanged from the Kalman
Filter.

The only change is in our model of the observations, P(0O;|S;). Instead of treating it as a Gaussian



distribution, for the particle filter we will use the heatmap to estimate this distribution. We normalize
the heatmap to sum to 1 and assume that this normalized heat map is P(S;|O;). Recall that the original
heatmap values establish a confidence. According to Bayesian rule, our state to observation probability is

P(O|S;) = %S)S(O’). In our implementation we will assume that P(O,) and P(S;), the observation and

state priors, are uniform distributions. If these distributions are uniform, their values are constant and so

P(O/|S;) = ¢ P(S;|0;)P(O;), where c is a constant.

3.3 Implementation Details

We define a set of particles for each time t: S’ for i = 1,2,3,...N, where N is the number of particles.

To find the true state S;, we calculate the average of the particles at time t: S;(estimated) = %Zi S’; To

initialize the particles for + = 0, we sample N samples of Sf) for i=1,2,...,N from the prior probability of

P(00lS})

P(So), which is the first heatmap in time, and initialize the weight of each particle by wf) = T POoD)
J 0

, where
the subscript O represents time = 0, and the superscript i refers to this being the i’ particle. Therefore, every

wf) is proportional to the state to observation probability at time = 0 and all the weights sum up to 1. Below

is the algorithm:

e Sample N particles from P(S)) get §f) fori=1,2,....N

P(Oolgé)

e Weight each particles w = 5 PN
Jj 0199

o Looping through all the time t=1,2,...,T :

* Looping through all the particles i=1,2,...,N :

- Importance Sampling Sample a particle Sf_l from t-1 using weight w,_1, i.e the bigger the

a

¢, the more likely that 3‘[“_1 is sampled as S‘f_l

weight w

- Sequential Update Sample S’ from P(S,|§f‘71)



- Weighting Weight S’ by wi = P(0;|S})
* OQutput the mean of all the particles
* Sum the weight WeightSum, =Y, wi
x For i=1,2,...,N :

. i w,
. re'Welght W, = W;Sum,

One important note is that we don’t actually calculate P(O,|S!) in the implementation. Instead,
for each particle, we use the value of P(S7|0;). As described above, we assume uniform priors for the
observation and the state, so P(0,|S!) and P(S!|0;) only differ by a constant scale term ¢. During the
re-weighting step, this scale term cancels out.

As was done with the Kalman filter in PatientPose [6], we run this particle filter algorithm individ-

ually for each human joints that we are trying to track.

3.4 Experiment of Particle Filter

3.4.1 Experiment Setup

In order to test whether replacing the Kalman filter with particle filter improves the continuous
human pose estimation result, we choose to use the same testing data for the same one subject with Pa-
tientPose [6], and we also use the same Caffe Heatmap model [3] to extract the confidence maps. For the
particle filter, the number of particles is 500.

The selected joints to perform the experiment are head, both hands, both elbows, and both shoulders.
We evaluate the result by calculating the Euclidean distance in image pixels from the estimated position to

the ground truth for each human joint.
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Table 3.1: Pose estimation accuracy rates at 10 pixels (Particle Filter). Continuous pose estimation accu-
racy [%] at a 10-pixel tolerance for head, hands, elbows, and shoulders with average the accuracy of left and
right side of the body.

Method Head Hands Elbows Shoulders
Heatmap + Kalman Filter 100.0  45.2 69.5 97.1
Heatmap + Particle Filter =~ 99.7 50.0 82.9 94.8

3.4.2 Experiment Result

Figure 3.2 compares Caffe Heatmap + Kalman Filter versus the Caffe Heatmap + particle filter.
Please note the the y-axis of the plot is the accuracy if we consider a prediction to be correct when the
error in distance between the prediction and ground truth is smaller than the x-axis value. We also provide
Table 3.1 in which we note the accuracy when a prediction within 10 pixels is considered to be correct
(this distance is visually indistinguishable by human annotators in a 256X256 image). From the results,
we can see that the hands and elbows tends to have a much better result for Caffe Heatmap + particle filter
comparing with Caffe Heatmap + Kalman filter (+4.8% for hands and +13.4% for elbows), with a slight
under-performance for the particle filter in estimating the head and shoulders (-0.3% for head and -2.3%).
Note that hands and elbows are typically more difficult to track because like in figure 3.3, hands and elbows
tend to have much more noisy heatmaps and move more quickly. This suggests that particle filtering can
out-perform the Kalman filter as a post-processing method in continuous human pose estimation task when

heatmaps are noisy.

11
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Caffe Heatmap + particle filter. The accuracy is plotted as a function with respect to a threshold distance from
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Head left hand right hand

left elbow left shoulder

right elbow

right shoulder

Figure 3.3: Example of Heatmap for all the joints. This is a example of heatmaps for all the targeted human
joints from which we can see that the hands and elbows tend to have a more complicated heatmap comparing
to head and shoulders.
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Chapter 4

Particle Filter with Long Short-Term

Memory

4.1 Motivation

In Chapter 3, we motivated and demonstrated an improvement over the Kalman filter approach
used in PatientPose by changing the assumptions of state to observation probability P(O;|S;). In this Chap-
ter, we will address the limitations imposed by modeling kinematics are Markovian and limiting the state
transitional probability P(S;1|S;) to linear kinematics.

In Chapter 2, we mentioned that in the Kalman filter, the state transition probability is a Gaussian
distribution whose mean is a linear transformation of the previous state S;. However, we know that mea-
surements of human motion in the 2D image plane is better described by a nonlinear dynamical process
because the movement is constrained by the length of the arms and the angle between arms. Another aspect
of human movement is that pose can have long term dependencies in time because there are some common
movements like scratching the head and thus movement trajectories can be highly predictable. Therefore,
we were interested to see what would happen if the model of kinematics was no longer constrained by the

Markovian assumption, by effectively changing the modeled state transitional probability from P(S;;S;)

14



to P(S;+1/S1./) with mean equals to a nonlinear function f(S;,) that takes the input from time 1 to ¢.

We model this function using the Long Short-Term Memory (LSTM) [5] neural network architec-
ture. LSTM is a special type of recurrent neural network (RNN) RNNs, in general, are designed to model
sequence data, including time series. The LSTM is a specific type of RNN that was designed in part to
overcome a degeneracy present in many simplete RNN structures, which tend to lose long term information
due to the exponential decay of the gradient of the loss function over time. The LSTM is designed with
the potential to save the information from the beginning of the time series into its cell state, and thus the
output of LSTM can effectively consider all the information before the current state. Moreover, the activa-
tion functions like sigmoid function allow the LSTM to model non-linearities. Therefore, the LSTM can be
applied to model state transitions as a nonlinear function that takes long term relation into account. We will
use the LSTM as an estimator of the the mean of P(S;1|S1./) and for simplicity we will assume that this

distribution is Gaussian with a variance term that we will infer from error in the LSTM estimator.

4.2 LSTM details

4.2.1 LSTM Cell

The LSTM has three different gates: forget gate, input gate, and output gate and is illustrated in

figure 4.1. The LSTM is driven by the following equations:

Jo = o(Wylh,xi]+ by) (4.1)

iy = 6(Wilh,x)] +b;) 4.2)

C; = tanh(Welhy, x,] + be) (4.3)
it = fike,+ipxC; (4.4)

01 = (W, lhi_1,x] 4 bo) (4.5)

15



t - Ci+1
> X o >
b 4 |
tanh
ft Ot
Sigmoid Sigmoid tanh Sigmoid
h hisq

Figure 4.1: Details of LSTM Cell. A LSTM cell is consisted of a forget gate, a input gate and a output gate.

hiy1 = oy xtanh(c,41) (4.6)

4.2.2 LSTM Network

Our goal is to estimate the mean of P(S;1[So,) and using the LSTM to estimate this value allows
us to make a one step prediction of the human pose that can maintain long term information in the LSTM’s
hidden state (%) and cell state (c¢;) is desired. Therefore beside the LSTM cell itself, we will also need a
dense layer to output the prediction of the next human pose. The basic structure of the network can be seen
in figure 4.2, from which we can see for each time step t, we will input the current human pose S; and we

will expect the network to predict the next step S, .

16
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Dense
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h, . LSTM Cell Pest |
ct ct+1
S

Figure 4.2: Network Structure. We use LSTM to perform one step prediction with the inputs are last hidden
state (h;), last cell state (¢;), and current human pose (S;), while the outputs are the prediction of the next human

pose (S;, ()

4.2.3 Experiment of LSTM

Since the purpose of using LSTM in combining with particle is to replace the mean of the state

transitional probability from the linear kinematics AS; with

1 0 Ar O

01 0 A
A prm—

00 1 O

00 0 1

to the nonlinear long term relationships f(Soy), it is significant to show that LSTM is better than linear
kinematics in hidden state estimation problem. Therefore, we design a experiment that can illustrate that
LSTM can out-perform linear kinematics when we have limited information about the true state. In this ex-

periment, we will use the “Boxing”, “Gesturing”, and “Throwing and Catching” behaviors in HumanEva [7]

data-set.

17



LSTM Training

The first step is training the LSTM. LSTM training requires the continuity inside each batch. How-
ever, the number of segments that are continuous inside the date-set is limited. Therefore, we use some data
augmentation techniques (See Appendix B) to increase the number of continuous batch of size 32 frames
( 0.5 second) from 2000 to 8000. Using mean square error as the loss function, Stochastic gradient descent
as optimizer with 0.01 as learning rate. We trained the network with all the joint locations is normalized so

that the range is from -1 to 1.

Experiment Setup

We will divide the testing data into 500 trials, with each trial contains 40 frames (0.66s) of continu-
ous human joints locations. We will use the first 10 frames of each trial to “warm-up” LSTM to get its &, and
¢; to memorize the trajectory. Then for the next 30 frames, we will let LSTM and linear kinematics “know”
the true locations and velocities of the first frame (of course as our design of the LSTM does not take in
velocity, the LSTM will only receive position as an input). After that, the LSTM and linear kinematics will
have a “race” to keep predicting what will happen without any additional information, and we will compare

the accuracy of the last frame in all trials.

Experiment Result

As shown in figure 4.3, in all the targeted joints, the LSTM wins the “race”, and this suggests that
once LSTM is warmed up with data, it has greater predictive power than simple linear kinematics, which
implies that when we are totally blind without observations, the LSTM is more accurate forward estimator
than linear kinematics. To better visualize the result, we also plot figure 4.5, from which we can see that in
this specific trial, the LSTM has a much better right hand prediction than kinematics when both of them do

not have the access to the true state.
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Another interesting finding is that when we use maximized likelihood estimation to estimation
the error of one step prediction using both LSTM and linear kinematics, as shown in figure 4.4, we see
that linear kinematics will have a much larger error comparing with LSTM. This result allows us to make
justification of replacing the mean of the state transitional probability from linear kinematics to LSTM one

step predictor.

4.3 Our Proposed Algorithm

4.3.1 Algorithm Detail

Now we put LSTM and particle filter together. As in figure 4.6, the input of our algorithm are the
pre-obtained confidence like heatmaps to the locations of the human joints and the trained LSTM model
that does one-step prediction of the next pose, and the output is the predicted pose estimation for each time

step from particle filter. The details of the algorithm are shown below.
e Step 1 Initialize A}, and ¢}, to be the zeros vectors for each particle where i is the index of the particle

e Step 2 In current step t, for each particle, use current prediction Si, and R, ¢! as input to LSTM to make

predictions of §_ ;.

e Step 3 with the predictions of each particle, we are able to get the state transitional probability, thereby

able to perform the particle filter update step.

e Step 4 In the importance re-sampling step, each particle will inherit the LSTM state from the previous

particle that it is sampled from like in figure 4.7.
e Go back to Step 2

One thing to note here is instead of preforming particle filter for each human joint, we will combine
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the x positions and y positions of all the joint together, thereby the state vector in this algorithm will become

Locationy for joint Oat timet
Locationy for joint O at timet
Location, for joint 1 at timet

S = Locationy for joint 1 at timet

Locationy for joint kat time t

Locationy for joint kat timet

where k is the number of the joints that we are targeting on. With this state vector, we also need to change
the definition of the state to observation probability P(O,|S,). Let HM!(x,y) be the heatmap function of the
i'" joint at time t. We will assume that the heatmap for each joints are independent. Therefore, P(O;|S;) =
[T, HMI(S;[2 i —1],8;[2 % i]). However, because the Heatmap probability tends to be really small, this

product may cause numerical issues, and we will talk about how to handle it in Appendix A.

4.3.2 Noise Estimation

As with Chen’s work [6], we applied maximize likelihood estimation [11] to fit the noise parameter
Q. Estimation is setup as follows: suppose we are given a series of ground truth state Sy, Sy, ..., St and
a series corresponding results drawn from one step predictions from LSTM: S 1 S’z, - §T. The variance
parameter of P(S;;1|S1.) that can maximize the joint likelihood P(SO;T,S 1.7) will be

T

OmLE = argmax [— Tlog|2mQ| — Z(S, —$H'o (s, —S$) 4.7)
=1

1

== (S, =SS —$)" (4.8)

M~ ©

t=1

This noisy estimation may not be correct all the time, because of the error of the LSTM on step prediction

may not be Gaussian distributed all the time (the same is likely true of linear kinematics estimator as well).
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Table 4.1: Pose estimation accuracy rates at 10 pixels (LSTM + Particle Filter). Continuous pose estima-
tion accuracy [%] at a 10-pixel tolerance for head, hands, elbows, and shoulders with average the accuracy of
left and right side of the body.

Method Head Hands Elbows Shoulders
Heatmap + Kalman Filter 100.0  86.0 85.5 96.4
Heatmap + original Particle Filter = 99.1 88.8 83.3 96.0
Heatmap + LSTM Particle Filter ~ 100.0  94.2 87.9 95.5

Therefore, estimating its Gaussian variance may be a over-simplified approach. In the Chapter 5, we will

talk about what future work can further improve this part.

4.4 Experiment of Particle Filter with LSTM

4.4.1 Experiment Setup

The setup of this experiment is similar to the setup of the experiment in Chapter 3. Except this
time we will compare result of Heatmap + Kalman Filter, Heatmap + original particle filter, and Heatmap
+ particle filter with LSTM. We will use HumanEva [7] data-set to train and testing our result. Also, the

LSTM model is the same one that we tested in chapter 4.2.
Noise Parameter Training

We used another 500 frames of the consecutive frames to train the variance of the distribution of
state transitional probability in equation 4.8

4.4.2 Experiment Result

From figure 4.8 and table 4.1, we see that by adding LSTM into the particle filter algorithm, the
resulting post processing methodology tends to have a better result for both hands and elbows comparing to
both Kalman filter and original particle filter, although we do see an increase in error in the right shoulder

estimate for this subject. This result suggests that by taking the long term nonlinear dependence of human
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pose motion into the particle filter, we can better estimate those human joints that have closer relationship

with human movements.
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Figure 4.3: Result of LSTM Experiment. This is the resulting accuracy in the predicted position 30 frames
after the first frame for both LSTM and linear kinematics. The accuracy is with respect to the distance from
the ground truth that we still think it is a hit.
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Figure 4.4: Comparison of LSTM and Linear Kinematics Covariance Matrix. This is a visualization of
the covariance matrix that is calculated by maximized likelihood estimation using the result from LSTM and
linear kinematics comparing to the ground truth. See equation 4.8. The ellipses in the plot encircle the areas
that 80% of the predictions will have a error in this range.
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Figure 4.5: Example of Right Hand Trajectory. This is an example of the trajectory in a trail from which
we can see when we put LSTM and linear kinematics into a “blind race”, LSTM tends to have a much better
sense of the moving tendency comparing with linear kinematics.
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Figure 4.6: Algorithm Pipeline. Our Proposed algorithm takes in the training data for LSTM (or pre-trained
model) and the pre-obtained human pose confidence as input and output the refined prediction. In the part of
particle filter, LSTM will provide the state transitional probability, and pre-obtained confidence will provide
the state to observation probability.
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Figure 4.7: LSTM State Inheritance. As in the figure, the particle will inherit the LSTM state from the
particle that it was re-sampled from.
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Chapter 5

Conclusion and Future Work

Our work proposes a post processing algorithm for continuous human pose estimation after front
end computer vision calculates a confidence map. This confidence can have multiple “hotspots” or regions
of high probability, and as long as we can draw a probability distribution directly from the heatmap, we
can fit it into our estimation framework. Specifically, we have shown that compared to Kalman filter, the
combination of the LSTM and particle filtering can model long term nonlinear relation kinematic state
and can maintain multiple hypotheses across time. In the experiments, our algorithm has a better result in
tracking both human hands and elbows, which are not only the human joints that are hard to accurately
find in static images, but are also the ones that move the most during a human movement. Although our
model may improve continuous human pose estimation, there are a few ways in which we might improve

estimation further.

5.1 General Improvements

S5.1.1 LSTM Training Data Generation

In the training part of the LSTM, due to the limit number of valid continuous training data, we

tried some data augmentation techniques (See Appendix B), however, there are other methods that may be
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able to generate more continuous human pose data. [12] and [13] provide us with some novel ideas of the
simulating the human movement using physical constraints and dynamic equations. In the future, if we
implement these approaches, we will can generate an infinite number of training examples for the LSTM,
and we may able to achieve better results.

Another aspect that will benefited by having more training data is we did not apply our complete
framework in the clinical environment data even though our initial goal was to improve continuous human
pose estimation in the clinical environment, and that is because we do not have enough training data to train

the LSTM network. By having more generated data we will be able to finish this work.

5.1.2 Using Camera Model

Another shortcoming is we did not consider the camera parameter at all in this work. In the future,
if we can consider both the intrinsic and extrinsic parameters of the camera we are using. In doing so, we
may be able to generalize this algorithm by setting the camera parameter as the input to the algorithm, so
that we can use the same trained algorithm on data collected with different cameras. Additionally, we can

also extend this work into 3D by having multiple cameras.

5.2 Model Improvements

5.2.1 Non-Uniformed State Prior

In chapter 3, we mention that we are assuming that the state prior probability P(S;) is a uniform
distribution, so that when weighting each particle, this probability is easily canceled out. However, we do
know that there are some locations in the image that certain human joints are more likely to appear than
other locations. We can address this by 1. statistically learn this prior probability by the data, 2. combine

this with the LSTM and let the LSTM provide us with the prior probability of state at time t.
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Figure 5.1: Add Heatmap as LSTM Input. This is an example the new pipeline of our algorithm if we choose
to use pre-trained autoencoder as feature extractor and input the information of the heatmap into LSTM.

5.2.2 Heatmap as Observation Vector

In this work, even though we have fully utilized the heatmap information by setting the heatmap
itself as the state to observation probability P(O;|S;), the observation vectors O, are still human joints
locations. An interesting approach to take is if we were to treat the heatmap itself as the observation vector,
and we learn the state to observation probability from the true distribution of the heatmap, which we can

obtain from human annotations of the confidence heatmap.

5.2.3 More Complex State Transitional Probability

We have also successfully extended the state transitional probability from P(S;+1|S;) to P(S;+1]So)
by using the LSTM. It is curious to see that if we further extend this probability and make it also depends
on the observations. If we can find a way to express P(S,+1/So:r, Oo:), the update step of the particle filter
will have all the information before time t including not only the states, but also all the observations to
help it make better predictions. An idea, like shown in figure 5.1, is to add the heatmap as the input to the
LSTM after we use some feature extract strategies like pre-trained CNN based autoencoder [14] to reduce

the dimensionality of the image.
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Another idea is to change this filtering problem into a smoothing problem. This means we will then
use the information in the future to make our state transitional probability: P(S;11[So:,S42:4+1+4), Where
d is the number of frames that we are looking forward. This may be accomplished by the bidirectional
RNN [15]. Also note that even we would like an online algorithm in the end, we can still using this model

by setting d very small to only add a small lagging.

5.2.4 Better Noise Parameter Estimation

We can also work on the way we estimate the variance of state transitional probability P(S;11(S1).
Intuitively speaking, this variance parameter represents the error of our state transition function. Utilizing
maximized likelihood estimation and assuming a Gaussian distribution may be an oversimplification of the
problem. If we look at figure 5.2, we can see that the histogram here represents the true error of the state
transitional function. It suggests that the error of state transitional function is something like an Gaussian
mixture instead of single Gaussian distribution. Therefore, if we can model state transitional probability as

a Gaussian mixture, we may get a better estimate of the position from the particle filter.
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Figure 5.2: 2D Histogram of the Right Hand Error. This is an example of the true distribution of the error
between the one step prediction of LSTM and the ground truth.
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Appendix A

Handling Numerical Issues When
Multiplying the Probabilities in the

Heatmaps

Calculating P(O,|S;) = [T5_; HM!(S;[2%i— 1],S,[2 %i]) directly may cause numerical issues because
HM;(x,y) is a normalized heatmap, and a point value inside this heatmap can be very small. In this case,
if we multiply k of this small number together, we may not be able to get a valid number in most of the
number type in different programming language. Therefore, we can use a trick to do not actually compute
this number. Instead, since P(O,|S;) is used to calculate the weight of each particle, and it will be normalized
in the end anyway, it is good enough that we keep the weights for each particle proportional to each other
as they should be in real value. Therefore, for each P(O;|S;), all we need is actually A x P(O,|S,) where A
is a large enough number to avoid the numerical issues.

We define L as log(A x P(O;|S;)) = log(A) + YX_, log(HM! (S;[2 i — 1],S;[2 *i])). When calculate
L, we do not need to multiply any small numbers. When L is calculated, we can simply do ¢, and that will

give us the proportional weights for each particle.
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Appendix B

Human Pose Data Augmentation

Because of the lack of continuous training data, some data augmentation techniques have to be
used in order for us to have enough training data for LSTM to learn the trajectory of human motion. Since
training LSTM only need the continuous human pose data, and no images is needed, we can augment the
data size by perform some transformation that will still yield valid human motion to the existing data.

We first horizontally flip the existing data and then perform the linear interpolation between every
two frames of the data we have, and in the end we flip the interpolated data again. After these operations, we
are able to get 4 times the original size of the training data, and those additional parts are still valid human
motions.

This thesis, in full is currently being prepared for submission for publication of the material. Gong,
Chenghao; Gabriel, Paolo; Gilja, Vikash. The dissertation/thesis author was the primary author of this

material.
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