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Abstract: In this paper, we present an approach based on dynamic programming and neural network for recognition and matching 
human action. The body parts angular motion represents a human action. Each body part angular motion is represented by a one-
dimensional time series. These time series are then compared separately for every body part with templates using dynamic 
programming (DTW). The results of the comparisons are used as input for a neural network that classifies the human action.  
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I. INTRODUCTION 
Recognizing human action from monocular video is a 

challenging task. Two types of action recognition methods 

are widely used: state-space model and template based 

approaches. State space model include neural networks, 

Hidden Markov Models, and extension of it. On the other 

hand, template-matching methods compare the action to 

stored templates. Our method is a hybrid approach. We use 

template base method to classify the body part motions and 

state space method to merge the information of classified 

body part motion and classify the action. 

The action recognition is challenging because of the high 

degree of motion. In addition, the action has a natural 

compositional structure, which means, that action can be 

categorized simultaneously into several categories, for 

instance running and waving. Obviously, even the transition 

between simple actions has temporal ambiguity and overlap. 

For a comprehensive survey on human action recognition, 

we refer to [5,11,8].  

A common approach to recognize or model sequential data 

like human motion is the use of Hidden Markov Model 

(HMM) [9,12]  and conditional random field (CRF) [2,3,4] 

on both 2D observations and 3D observations. In HMM [1] 

sequential data is modeled using a Markov model that has 

finite states. We must choose and determine the number of 

states in advance for a motion, but the motion can have 

different time length. Therefore, it is difficult to set the 

optimal number of state corresponding to each motion.  

To resolve this problem we used instead of HMM a special 

variant of the dynamic time warping method to match the 

templates.  

Other approaches make use of templates or global 

trajectories of motion. Using global trajectories is highly 

dependent from the environment where the system is built, 

and can separate the composed action which introduces high 

interclass variation making it hard to classify the motion 

[6,7]. Another problem of using global trajectories in action 

recognition is that it is very difficult to find the silence point 

that marks the possible beginning of a new action.  
Our approach the matching procedure is done separately for 
every body part reducing the number of templates. We used 
a neural network to merge the result of body part motion 
matching and categorize the action. 
In the following section, we will present the Dynamic Time 
Warping algorithm, the third section we will present the 
human action decomposition method applied to the detected 
human to extract the time series, in the forth section we 
introduce the constrained DTW which optimize the DTW 
for human motion recognition. In the fifth section we will 
present briefly the Neural Network used to synchronized the 
DTW matching results and to get an overall response to the 
human action. The last two section we will present our 
experiments and conclusions. 
 
II. THE DYNAMIC TIME WARPING ALGORITHM 

The Dynamic Time Warping compares two time series and 

computes the distance between them, even if the two series 

are shifted in time axis. Given two series X, and T equation 

1, of lengths |X| and |T|, 
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To align two time series we construct a |X|-by-|T| 

distance matrix. The (i
th

, j
th

 ) element of the matrix 

corresponds to the distance between the xi and the tj element 

of the series. To get the distance between the two time series 

we search the warping path W equation 2.  
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where K is the length of the warp. Every element of the 

warping path is a pair of coordinates or indexes, which 

represent a relation between the two time series. 
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where i,j represent the index of the two time series. There 

are three constraints on the warp path. The first constraint is 

the boundary condition: )1,1(1 =w  and 

|)||,(| XTwK = . That is mean that the warping path must 

start at the first element and must end at the last elements of 

both time series. On the other hand, must start on the bottom 

left corner, and end on opposite corner of the distance 

matrix. 

The second and the last constraint is the continuity and the 

monotonicity merged in equation 4. 
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This restrict the allowable step to the adjacent cells 

including the diagonal cells to so that the i, j increase 

monotically in warping path. Every index from both time 

series must be used. 

Many warping path satisfy this three conditions, however we 

need that path which optimizes the cumulative distance of 

the path elements (equation 5).  
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The 1/K is normalizing the distance, for the fact that 
warping paths may have different length.  
The best way to construct the optimal warping path is the 
dynamic programming method. First, the task should be split 
in subtasks, portions of time series. By finding the optimal 
solution to these subtasks, we will get the optimal solution to 
the entire problem. To achieve this we need to construct a 
cumulative distance matrix D using the following equation 
6. 
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Every cell is computed as sum of the distance (Euclidian or 

other type of distance) of current element ( ),( ji TXDist ) 

and the minimum of the cumulative distance of the adjacent 

cell. The cost matrix is computed from bottom up and from 

left to right. After the entire cost matrix is filled, a warp path 

must be found from left lower corner D(1, 1) to D(|X|, |T|) 

top right corner. The warp path is actually computed in 

reverse order starting at D(|X|, |T|) using a greedy search that 

evaluates cells to the left, down, and diagonally to the 

bottom-left and the smallest valued cells coordinate is added 

to the beginning of the warp path found so far. The search 

continues from the last added cell. The search stops when 

D(1, 1) is reached. 

 
III. CONVERTING THE HUMAN MOTION INTO 

TIME SERIES 

We have two convenient ways to represent motion: global 

trajectories, or decomposing the motion to its basic 

elements. Because the human motion can be compositional 

or concurrent, the global trajectories are not the best choice. 

Some action need only legs for example walk, run, jump, 

and some only the hand: handshaking, waving. For this 

reason, we decomposed the action to its basic elements – to 

body part motion. To make the recognition easier we track 

every body part individually and relative to its parents body 

part. Using this approach, we can use only those basic 

motions (body part motions) in classification that are 

relevant so we can easily recognize composed motion too.  

Some cases, when we have low-resolution images, we 

cannot track separately all body part motion. In these cases, 

the only possibility is to track a global motion. There are 

many possibilities to do that. We can use Haar based 

detector [15] or we can us chamfer matching [16] to detect 

the human and its pose.    

Our goal is to get the most detailed information about the 

configuration of the human body, and its relation to other 

moving objects and environment in the current frame. To 

achieve this goal we used bottom up approach the chamfer 

matching [16] in cases of the low resolution images and a 

top down approach the Pictorial structure method introduced 

by Felzenszwalb [13] and extended Ramanan [11] in higher 

resolution images.  

In case of the higher resolution frames, the Pictorial 

structure approach, is modeling the human body as a 

collection of parts in a deformable configuration, with 

'spring-like' connections between pairs of parts. These 

connections are modeling spatial relations between parts. 

Appearances and spatial relationships of individual parts can 

be used to detect an object. Best match of the pictorial 

structures depends on how well each part matches its 

location and how well the locations agree with the 

deformable model. The main advantage of the approach is 

that the motions of the human body parts are tracked 

individually and relative to its parent’s body part. Using this 

approach, we can use only those basic motions (body part 

motions) in classification that are relevant and we can easy 

recognizing composed motion too. The first and most 

significant motion is the torso motion. Here we look at two 

elements the motion relative to the image (global motion) 

and the angular motion. The torso represents the root of 

body parts in the pictorial structure. The upper legs, and 

upper arms are connected to the torso and we analyze only 

their angular motion between -270 and +270 grades. The 
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absolute motion is tracked between -180 and +180. The 180 

and 270 represent a tampon zone. If the motion angle is 

above 180 or below -180, we will have two possible time 

series. Three events can reset one of the time series [22]: the 

angular motion returns quickly between -180 and 180 

degree; the DTW matching for one of them has a strong 

result or the angle is increase above 270 or decreases below 

-270. (Figure 1). 

 

 
 

Figure 1. Relative motion of the upper leg relative to the 

torso 

 

The lover legs are connected and their angular motions are 

relative to the upper legs. In addition, the lover arm angular 

motions are tracked relative to the upper arm. We do not 

track the motion of head. 

In Figure 2. is presented a time series of motion for the 

upper arm representing the waving action. 

 

 
 

Figure 2. Full resolution time series of waving – upper 

arm 

 
Most important point in motion series is the peaks and the 
still (constants) points and the zero crossing point, because 
they mark a change in the motion direction and they are 
stable or typical position of the human body. Knowing that 
the same action can be done in different speed, the time 
between two direction changes in a body part motion is not 
so relevant. 
In case of the low-resolution frames, we use the chamfer 
matching method [16] to track and to detect the pose of the 
human body. Using the fast template search method 
introduce by the author we always can track the human body 
and measure the distance from the closest template class.  
We can approximate the motion series using the key 
positions. There is a unequivocal mapping of the key 
position to relative position of all body parts. We always 
map this position when the current match has the lowest 
distance from the template. We count the number of frames 
between two consecutive best match key position and 

interpolate the intermediate points. 
Using these two approaches, we are able to connect them 
and provide a general framework based on DTW to 
recognize the human action. 
 
 

IV. CONSTRAINED DYNAMIC TIME WARPING 
METHODS 

The quadratic time and space complexity of DTW creates 

the need for methods to speed up dynamic time warping. 

The most common method is the use of constrains, which 

limit the search area in the cost matrix. This constrain is 

important not only for speed up of the DTW but also to 

eliminate the problem of singularities [13,14,17].  
There are other methods to speed up the computation of the 
DTW like the FastDTW [11], which use a recursive 
shrinking and refine to get the best warping path. 
To compare the time series of the human motion we use an 
adapted version of DTW algorithm, which has a multilevel 
approach with following key operations: 

• Shrinks a time series into a smaller time series that 

represents only the peak or constant vales from the time 

series, 

• Coarse DTW - Finds a minimum-distance warping 

path for the shrunk series and uses that warping path as an 

initial guess for the full "resolution's" minimum-distance 

warp path 

• Final DTW - Refines the warping path projected 

from a lower resolution through local adjustments of the 

warping path using Sakoe-Chiba constrain. 

The first is in the coarsening step we shrink the time series. 

Human body part motions most significant moments are the 

direction changes. In our approach instead of averaging the 

time series, we use a heuristic selection of the data keeping 

only the peaks and constant vales from the series. This is 

done by keeping only those xi elements from the X if the one 

of the next two conditions is true: 
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Fig. 3. The original and the shrink time series of waving - 

upper arm 

Fig. 3. presents the original time series of waving upper arm 

and the shrunken series. The second step we make a 

classical DTW comparison of the shrunken templates and 

the shrunken input. Using this comparison, we can eliminate 
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the majority of the templates and only a few templates need 

to be compared at higher resolution. 

 

 
 

Fig. 4. The coarse and the full resolution cost matrix with 

warping path 

Fig. 4 shows the shrunk time series cost matrix and the 

projection of this to the original resolution cost matrix. 

Projection takes a warping path calculated at a lower 

resolution and determines what cells in the next higher 

resolution time series the warping path passes through. This 

projected path is then used as heuristic during solution 

refinement to find a warping path at a higher resolution. To 

make it faster we use Sakoe-Chiba band constrain.  

The Final DTW step is a refinement that finds the optimal 

warping path in the neighborhood of the projected path, 

where the size of the neighborhood is determined locally by 

distance between two consecutive points in shrunk series 

and the difference between the length of the template series 

and the input series. 

This will find the optimal warping path through the area of 

the warping path that was projected from the lower 

resolution. 
 

V. ACTION CLASSIFICATION USING NEURAL 
NETWORKS 

The DTW matching of the input series give us for every 

body part a set of response. These are the probabilities of 

matching a class of template. We have to synchronize 

responses and make a final decision about the overall human 

action.  

Neural networks (NNs) are nonlinear models, which makes 

them flexible in modeling real world complex relationships. 

Furthermore, NNs are data driven self-adaptive methods in 

that they can adjust themselves to the data without any 

explicit specification of functional or distributional form for 

the underlying model. 

Although many types of neural networks can be used for 

classification purposes, our focus is on three network types, 

specifically the Learning Vector Quantisation (LVQ), Radial 

Basis Function (RBF) and feedforward multilayer networks 

or MultiLayer Perceptron (MLP) NNs, which are the most 

widely studied and used neural network classifiers. 

We use the result of DTW as input for Neural Networks. 

That is mean, that we equal input neurons in the neural 

network as, template classes. We normalized the output of 

the DTW matching between 0 and 1. This is necessary 

because we have to compare with DTW different length of 

time series. 

For every behavior type, we used an output neuron. That 

make possible to handle composed behavior like waving and 

walking. Using this approach has also a drawback by 

reducing the speed of the network and by increasing the 

number of free parameters. The strait influence of the 

increased free parameters is that we need to create bigger 

training set.  
 

VI. EXPERIMENTS 

We used the detected position and the configuration of the 

human body the pictorial structure method [21].Using this 

method we can measure the speed of torso, and to track the 

relative motion of the body parts relative to their parents. 

Using the human motion decomposition, we extract the one 

dimensional time series for every body part. These time 

series are compared to the saved templates using the 

constrained DTW[20], classic DTW[13-14] and the 

FastDTW [11] . Using the constrained DTW the majority of 

the templates are eliminated at early stage if the distance 

between the coarse variant of the series is bigger than a 

threshold. 

To construct the templates database we have annotated and 

saved 5 different actions from 20 different videos. For every 

body part, we compared the saved motion series with the 

adapted DTW. If the difference between them were too big, 

we dropped. If they were similar, we choose the median 

series from them. 

The matching results were used as input for three type of 

Neural Network: LQV, RBF and MLP.  

Using output of the DTW, a dataset has been compiled. In 

order to follow the proper steps in the design of a test bench 

system, this dataset was split in a training subset (75% of the 

samples) and a testing subset (25%). Five different 

behaviors are represented in the compiled dataset by about 

twenty measurement results each (values corresponding to 

eight body part motion time series). The NN training has 

been executed in Matlab, using the embedded functions of 

this environment. 

 

 
 

Fig. 5. Training chart of the RBF NN 
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The evolution of the classification accuracy of the RBF NN 

and the LVQ NN during the training phase is presented in 

Fig. 5. and Fig. 6., respectively.  

 

 
 

Fig. 6. Training chart of the LVQ NN 

 

Table 1 summarizes the results obtained at matching using 

different type of DTW.  

Table 1. Matching the time series 

DTW 

Processing 

Time (100 

time 

series/millisec

ond) 

Classification 

accuracy  

classic DTW 9976 98,3% 

FastDTW 1954 97,2% 

constrained 

DTW 

987 
98,2% 

 

Table 2 summarizes the actual results obtained with these 

methods, proving, that using NN to recognize human action 

from monocular video after special DTW processing is a 

viable solution.  

Table 2. NN classification results 

NN 

type 

Neurons 

Inp./Hidd./Ou

t. 

Classification 

accuracy after 

max.100 epochs 

LVQ 40/80/5 85% 

RBF 40/5 75% 

MLP 40/40/5 76% 

 

We need to mention that we compute this accuracy 

percentage by comparing a manual labeling with the output 

of the Neural Network. This means that measurement 

summarized in table 2, measures not only the errors of the 

Neural Network but also the errors provided by the DTW 

matching. We used this method to measure also the capacity 

of the Neural Networks to handle erroneous data. Most of 

the cases not all the input are erroneous only some of them. 

The system was tested on indoor and outdoor environment 

and was no significant difference on the system behavior in 

these two cases. The difference was provided by the 

behavior of the human pose detection method. Using the 

motion decomposition, we were able to recognize also the 

composite action like standing and handshaking. In figure 7 

and 8 we present the output of the system.  

 

 
 

Figure 7. Output of the system single person 

 

 
 

Figure 8. Output of the system two people 
 

VII. CONCLUSION 
We have presented two improvements for human action 

recognition: an efficient representation of motion by 

decomposing to its basic elements and a constrained DTW 

algorithm enhanced for human motion recognition purpose. 

Both ideas can be future improved. In case of the body part 

motions the angular motion can be decomposed to two time 

series one which contains the low frequency variation and 

one with high frequency time series. The low frequency will 

represent the position, and the high frequency will represent 

the short action of the body part. We also proved that the 

constrained DTW introduced by the article is the fastest 

method keeping the performance of the classical DTW.  

We also show that using Neural Network is a good choice to 

synchronize the matching result and to provide a final action 

type even if this action is a composite one.  
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