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1. Statement of the problem 

In the Navy, there is a constant need to improve the skills of the warfighter while 

lowering training times  [1]. Well-trained, highly skilled warfighters will experience 

fewer mishaps, which is a top priority as stated by former Secretary Rumsfeld’s 

memorandum of June 22, 2006:  [2] “Fund as a first priority those technologies and 

devices that will save lives and equipment”. Our approach to this problem is the 

development of innovative intelligent tools, which can monitor the warfighter’s 

progress and guide him to the desired state of preparedness, taking into consideration 

different learning styles and physical-physiological factors. 

Goal 1: We propose a system based on computer vision to capture expert knowledge 

and skill in the performance of tasks, which can be used to evaluate a trainee’s skills. 

This system will lead to cost savings in personnel training programs as well as 

providing a safe and effective testing environment for the warfighter’s skills. 

Goal 2:  We will work to develop robust computer vision algorithms integrating 

multi-views and multi-modal vision techniques for 3D tracking. 

 

2. Background and relevance to previous work: 

Computer assisted training tools have been shown to accelerate the learning process 

 [3].  The main requirements of such tools are that they: a) identify optimal strategies 

for task completion; b) assess and diagnose task performance in specific domains; c) 

increase the efficiency and completion time of the training process; and d) reduce 

training costs.  Task fulfillment can be assessed in multiple ways. For example, some 



tools assess the performance of the task according to the accuracy of the result (i.e., 

tabulation device at a shooting range). Here we focus on the process itself; this means 

the correctness of the sequence of actions.  

Human skill can be defined as the learned power of doing something competently, or 

the ability of a person to use acquired knowledge effectively, so that her performance 

of a task is maximized  [3]. A task is composed of human actions, including hand and 

body movements. Automated performance measurement technology should have the 

capability to “infer” tasks by capturing human movements. Computer vision is one 

approach towards human movement segmentation and analysis. For example, in  [4] 

the problem of 3D human motion modeling using monocular vision and articulated 

models is addressed. Human posture tracking and classification using stereo vision is 

studied in  [5]. In  [6], a multi-perspective and multimodal video based system for 3D 

body tracking is researched. Each of these techniques has relevance toward the 

training system envisioned here. 

The utilization of computer vision human movement segmentation and analysis is the 

first step towards a computer-based skill training, which has several advantages over 

traditional skill training methods  [3]: a) traditional training takes a long time, since 

each instructor is responsible for several trainees; b) the models used in traditional 

training lack realism, while the use of real devices may be costly and risky (i.e., 

dismantling a bomb); c) in traditional training, the evaluation of the trainee is based 

on the subjective evaluation of the expert, rather than on quantitative performance 

measures; and d) computer-based training captures warfighter expertise, which can 

reduce the manpower load of expert trainers. The two first obstacles have been 

successfully addressed through the introduction of Augmented Reality (AR) systems 

 [7]. AR systems can be used without supervision and provide realistic case scenarios. 



Still, the warfighter performance evaluation issue has not been fully addressed by 

intelligent systems and the following challenges remain: a) to improve sensing 

techniques to capture the relevant features of human-body movement sequences, and 

b) to devise a computational model for representing and assessing the warfighter’s 

skills. The introduction of hand and body gesture recognition systems  [8] can provide 

robust techniques to cope with these challenges. The warfighter’s gestures involved in 

the task (i.e., dismantling a bomb, assembling a weapon) can be segmented.  

Therefore, a learning system can be trained. Similarities (likelihood) of the beginner’s 

gestures to the modeled correct gestures can serve as a measure of the task 

performance.  Some examples of hand gesture recognition systems are  [9]- [14].  

In our system we plan to address the problem of tracking by using a combination of 

cutting edge approaches (such as articulated body tracking, gesture recognition, stereo 

vision, multi-spectral imaging, monocular vision-based SLAM, and MoCap sensors) 

to obtain 3D human motion data. In addition, we propose to use hand and body 

movements in a combined approach to extend the scope to analysis of human 

behaviors, which has applications in surveillance and “asset protection”.  A training 

system based on these tools will enhance the combat capability of US warfighters.   

 

3. General Methodology 

The main goal of this research is to obtain observations of the experienced 

warfighter’s continuous hand and body movements while performing an assembly 

task and then modeling the skills demonstrated in the observations as a reference for 

the evaluation of trainees. More specifically, let us assume an assembly task which we 

want to use as a case study for skill training. For this task, it is possible to define one 

or more correct sequences of actions (strategies) involved in the task. A sequence of 



actions will be obtained from the trainee, and his performance will be reflected by the 

similarity of his sequence to one of the correct sequences existing in the model’s 

memory for that task. To aid the trainee in improving her skills, the system will 

provide her with the correct sequence closest to the sequence of movements that she 

chose.  The problem is to find the prototype sequence from all the sequences stored in 

the model, such that the performance skill of the trainee is maximized.  

Our methodology differs from previous works  [3] in that: (a) we consider that there 

may be more than one correct body movement sequence to perform a task; (b) our 

system will provide the trainee with an evaluation and will show the trainee the 

closest strategy (in previous works only an evaluation grade was supplied); and (c) 

our system will consider multiple views and multi-modal vision techniques for 3D 

tracking in real-time of the human body. 

These goals can be achieved by breaking the problem into functional modules: (a) 

human movement observation and feature acquisition, (b) model development and 

training, (c) skill grading and suggestion for improvement, and (d) validation of the 

model. 

a. Movement observation and feature acquisition: video observations of experienced 

tutors will be obtained, each performing an assembly task several times. As an 

example, a task may include the following actions {“insert”, “pull”, “hold”, “release”, 

“rotate”, “move to the side”}. To track in real-time the tutor’s arm and body 

movements during the task, encumbered and unencumbered approaches will be 

considered.  

For the encumbered approach, MoCap sensors that will supply 3D information about 

each part of the body may be attached to the warfighter’s body.  Since there are many 

points involved in human motion, “interesting” points  [15] will be selected as 



representatives of skills demonstrated in assembly tasks. For the unencumbered 

approach, vision-based SLAM, articulated body tracking, and mono and stereo vision 

may be considered initially to obtain position information. Further on, we are 

interested on combining multi-perspective (i.e., network camera views) and multi-

modal (i.e., thermal-infrared and color) video based systems for robust and real-time 

3D shape tracking. These approaches will yield spatial and temporal information of 

the body part tracked.  

As an example, if the region of interest is the hand, the position of each hand can be 

described as the x, y and z components of the segment connecting a reference point 

and the hands. The motion sense can be captured by the subtraction of consecutive 

frames, and the relative displacement of the hands. Then the vertical and horizontal 

components of the velocity and acceleration of each hand can be determined.  If a 

higher level of description is required, a posture of the hand can be represented by 

attaching fiducials to the fingertips, and the center of the palm can be used as a 

reference point. 

This motion information is incorporated in the feature vector X(kt) at the time t, and 

normalized such that all the parameters of the feature vector are equally scaled. Using 

this method, local temporal features are created. As a side note, the successful 

selection of the features will highly determine the accuracy of the posture 

classification  [16]. 

b. Model development and training:  Different approaches based on pattern 

recognition algorithms  [17] will be considered to model the skill behind temporal 

observations. To include the stochastic nature of the learning process, Hidden Markov 

Models (HMM)  [18] constitute a promising approach. The temporal model will be 

trained with the feature vectors obtained from the sequence of observations (i.e., the 



feature vectors) from one or more subjects, performing the same task, using the same 

sequence of actions for several trials. Once the model is trained (for example a 

HMM), the score of a trainee can be measured by some metric function (such as the 

log probability) applied to the new observation sequence. Since we allow a task to be 

performed in different sequences, we create a family of these models, each trained 

with a given sequence of observations. We call every sequence used to train each 

model a prototype sequence. Each model will be trained with the same number of 

“tutors,” or experts, in an assembly task.  

c. Skill grading and suggestion for improvement:  After the family of models is 

trained, the trainee will feed the system with an observation sequence. This sequence 

will be compared to the prototype sequences, and a score vector representing the 

similarity of the trainee’s sequence to each prototype sequence will be determined. 

The highest value of the score vector represents the best matched prototype sequence 

to the trainee’s sequence. The highest score will be the trainee’s task performance 

grade, and the best matched prototype will be suggested to the user for further 

practice. This score is expected to increase, reflecting the trainee’s performance 

improvement, see Fig. 1.  
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d. Validation of the model:  To validate the approach, two experiments will be 

performed: a) comparison of different sequences for the same skill; and b) skill 

evaluation as a function of time. For the first experiment, two sequences for the same 

task will be considered (i.e. model A and B). Each sequence represents 2 different 

valid strategies to perform the task. The samples for the two models will be collected 

from several experienced trainers. The number of samples for the training and testing 

set can be obtained using k-fold cross validation  [19], to improve the statistical 

significance of the results.  For example, given 15 samples for training the system, 

each time 14 samples can be used for training and 1 for testing. Hence a total of 15 

training “sessions” can be conducted. The average evaluation grade for all the 

sessions will be used to test the reliability of the model to the actual skills of the 

trainees.  

In the second experiment, a different set of samples collected from tutors will be used, 

where 2/3 of them will be used for training and the rest for testing. Additionally, 

samples in temporal order will be collected as a test set from non-experienced 

subjects. A statistical t-test using the average across the sessions will be used to 

compare the scores obtained when testing the system with tutors and with beginners. 

 

4. New or unusual technique 

A real-time efficient method will be developed based on the optimal 

integration/selection of multi-perspective (i.e., several camera views) multi-modal 

(i.e., thermal infrared and color) video based system for robust tracking of 3D body 

regions. Most approaches only use a single view from either color or thermal infrared 

cameras. This research will use an integrative approach that will give more robust 

results.  



 

5. Expected results, significance and application 

From the initial experiment suggested, using the data collected from only the tutors, 

we expect to find that the grade for an observation sequence similar to A to fit the 

model of the prototype sequence A, will be higher than the grade for this observation 

to fit the model B, and that the results will be statistically significant. 

Regarding the second experiment, we hope to see that a higher evaluation score will 

be obtained when testing the model with the tutor than when tested with the beginner. 

We also hope to find that the score will rise according to the temporal order of the 

sample observations of the beginner, which will demonstrate that the trainee learns 

the skill tested.  

Possible causes of low correlations and/or the rejection of our statistical hypothesis 

may be caused by the reduced number of tasks available in a laboratory environment. 

This can be alleviated by additional virtual “realistic” tasks obtained when 

incorporating haptic techniques, immersive displays and augmented reality. The 

success of the experiments will show that the motions of an expert soldier used in 

assembly tasks are extremely efficient and then can be adapted to an automatic skill 

training system. 

We expect to implement the experimental platform suggested in the proposal to a 

real-time diagnostic assessment prototype for Knowledge, Skills and Abilities (KSAs) 

area at the Naval Postgraduate School in Monterey. Such a platform can carry 

multiple implications: a) the enabling of accelerated training progression by 

identifying warfighters’ individual potentials; b) efficient real-time methods for 

modeling and task assessment in specific domains (KSA); c) techniques for 



comparison and monitoring of the initial stage and the desired end stage of the trainee 

warfighter (with corrections suggested as necessary).  

The suggested approach for body and hand movements modeling and evaluation 

which is strongly related to the field of “Modeling Activity and Understanding 

Behavior” has broader applications such as people tracking from surveillance cameras 

for asset protection and security. 

In summary, the main contribution of the methodology suggested is a reconfigurable 

platform based on integration of machine vision modalities with broad applicability to 

security/defense and skill training applications. A computer assisted warfighter’s 

training and skill assessment was selected for proof of concept. This can be applied to 

all stages in warfighter development.  Initially Marine recruits could be selected based 

partially on skills assessment.  For advanced Marines the diagnostic assessment tool 

will be used for continuous training. The deployment of this tool will drastically 

change the way the Navy does training.  The accuracy and precision that this method 

will lend to motor skills will increase the effectiveness of warfighters performing 

assembly tasks (and later other types of tasks) and therefore the constant preparedness 

of the Navy.  In addition, each warfighter will have a personalized training program, 

increasing the efficiency of the training budget and its cost effectiveness. The 

eventual decrease in necessity of manpower for training will free the trainers to do 

what they do best. This goes in hand with the mission at the MOVES institute and the 

Naval Postgraduate School of enhancing the operational effectiveness of the US 

forces by providing superior training in the field of modeling and simulation. 
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