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Title: Image pattern recognition system and method 

Field of the invention 

The invention relates to an image pattern recognition system and 

method. 

Background 

It is known to perform pattern detection based on detection of 

spatio-temporal interest points in a segment of video data. In the known 

10 pattern recognition method, a classifier computes a detection result by 

comparing histograms of the interest points with reference histograms and 

assigning a classification of the closest reference histograms. A known 

support vector machine may be used as classifier for example. For this 

purpose, the histograms of the interest points are computed by assigning 

15 the interest points to histogram bins dependent on feature vectors of the 

interest points. 

Spatio-1 emporal interest points and feature vectors are defined as 

follows. A segment of video data corresponds to a succession of images, 

20 wherein the position of images in the succession represents temporal 

position and positions within image represent spatial positions. A spatio-

temporal interest point corresponds to coordinates comprising a spatial 

position r and temporal position t of a time and position where image 

content changes as a function of position within an image and/or as a 

25 function of position in the succession of images. The coordinates may be 

used to define a region in the segment of video data relative to the interest 

point, the region consisting of a set of pixel positions with predetermined 

coordinate offsets to the coordinates of the interest point, e.g. a spatio-
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temporal block wherein the coordinate offset of each spatio-temporal 

coordinate is in a predetermined range for that coordinate. 

The content of the images in such spatio-temporal regions relative 

5 to the detected interest points can be used to extract feature vectors, which 

may take the form of histograms of pixel values or pixel value gradients in 

the spatio-temporal regions. 

The assignment of interest points to histogram bins (also called 

10 quantisation) can be performed with the aid of a decision tree with leaves 

that correspond to respective ones of quantisation bins and nodes that 

correspond to decision criteria to be applied to feature vectors to select 

between different branches from the node. 

The decision criterion at each node defines a threshold value for a 

15 selected feature value such as the value of a selected component of the 

feature vector or more generally a selected function of the components of the 

feature vector. Each detected interest point is assigned to one of the 

quantization bins, after selecting a path through the tree by applying the 

decision criteria of the nodes along the path to the feature vector of the 

20 detected interest point. 

More generally, a "decision forest" may be used, comprising a 

plurality of decision trees that each correspond to a different set of 

quantisation bins at the leaves of the tree, to assign an interest point to 

25 quantisation bins in each of these sets. An article titled "Fast Discriminative 

Visual Codebooks using Randomized clustering forests" by Moosman et al 

in the Annual conference on Neural Information Processing Systems 2006 

(EPO reference XP055056764) describes creation of Random forests. 
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In the known method, at least the decision criteria and the 

reference histograms are selected using a training process, using segments 

of training video data. Methods to do so are known per se. The training 

process for the decision criteria involves selection among possible types of 

5 feature values and possible thresholds for each node. 

It is also known to use soft decision trees. The basics of decision 

trees, including soft decision trees are described by Koutoumbras in Pattern 

recognition (2008) pages 215-221 and pages 261-263 (EPO reference 

10 XP002693953). A soft decision tree uses non-binary decision functions, to 

assign non-binary decision values to nodes in the tree. Soft decision trees 

have the advantage that small errors in feature values cannot lead to 

strongly different decision results. Koutoumbras describes the use of a 

standard soft decision function applied to normalized feature data Quinlan 

15 et al describe probabilistic decision trees in Machine learning: an artificial 

intelligence approach part 3 sections 5.1 and 5.8 (EPO reference 

XP008160784). 

The use of soft decision trees in decision forests is described by 

20 Bonissone et al. in an article published in the International Journal of 

Approximate Reasoning, Vol. 51 pages 729-747 (EPO reference 

XP027142367). Lefort et al describe use of soft random forests in an article 

titled "Weakly supervised classification of objects in soft random forests in 

Computer vision at the ECCV 2010 pages 185-198 (EPO reference 

25 XP019150735). 

For real video segments pattern recognition by the classifier 

always involves errors in terms of false positive and false negative 

detections. It is desirable to reduce such errors. 

30 
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Summary 

It is an object to reduce the number of errors for a pattern 

recognition method of the above mentioned type without requiring major 

5 modifications of the training and detection process. 

An image pattern recognition system according to claim 1 is 

provided. Herein a non-leaf node of the decision trees is associated with a 

number referred to as a scale value. Contributions to input for the classifier 

1.0 are computed in proportion to results of applying a soft decision function 

(also called a "non-binary decision function herein because its function 

result is not limited to a binary value range) to a ratio of the scale value and 

a difference between a threshold and a feature value. It has been found that 

this makes it possible to reduce detection errors in the case of video pattern 

15 recognition, but this way of computing contributions to histogram-like input 

for a classifier like a support vector machine can be used for pattern 

recognition from single images also. 

Although an improvement can be obtained already when a scale value and a 

non-binary decision function is used for one non-leave node, a greater 

20 improvement can be realized if respective scale values and non-binary 

decision functions are used for a plurality of the non-leaf nodes. Herein the 

same non-binary decision function may be used for all those nodes, but 

alternatively different non-binary decision functions may be used. 

Preferably, respective scale values are used for substantially all nodes, that 

25 is. all nodes, or all nodes except root nodes, or all nodes except no more than 

five percent of the nodes. 

Scale values for use in the computation of the contributions are 

computed by determining a measure of statistical spread of the feature 

values used as argument of the bon-binary decision function for respective 

30 leave nodes and setting scale values for these leave nodes each to a product 
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its standard deviation and a common factor that is common to a plurality of 

leave nodes. It has been found that this reduces detection errors without 

requiring large numbers of additional training video sequences. The 

standard deviation may be used as a measure of statistical spread for 

5 example. 

In an embodiment the processing system is configured to select 

the common factor in a feedback loop using the pattern detection results 

obtained from training examples, using respective different values of the 

common factor. It has been found that minimal errors are obtained for 

10 different types of actions by using different values of the common factor. By 

using feedback adjustment the value of the common factor can be adapted to 

different detection classes, so that detection errors can be reduced. For each 

different detection class the relative scale values may be set using the same 

measure of spread. This reduces the effort needed to train detectors for 

15 different classes. 

In view of the above, according to a first aspect of the present 

application, there is provided an image pattern recognition system for 

detecting a pattern from at least one image based on detected interest 

points in the at least one image, the pattern recognition system comprising 

20 - a feature vector extractor configured to extract feature vectors, each 

feature vector comprising data derived from video content in a region in a 

predetermined relation to a location of a respective detected interest point in 

the at least one image; 

- a bin value computing module, configured to compute a set of bin values 

25 for bins associated with leaf nodes of decision trees of a forest of decision 

trees, the bin value being computed for each bin by summing contributions 

corresponding to the feature vectors, each contribution being computed 

dependent on selections of feature vector components and thresholds 

associated with non-leaf nodes along a path through the decision tree to the 

30 leaf node associated with the bin; 
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- a classifier, configured to compute a pattern detection result by comparing 

the set of bin values to reference sets of values, 

wherein at least a first non-leaf node from the non-leaf nodes of the decision 

trees has an associated first scale value and at least a second non-leaf node 

5 from the non-leaf nodes of the decision trees has an associated second scale 

value, the bin value computing module being configured to use a soft 

decision function in the computation of the contributions for the bins 

associated with leaf nodes at ends of paths through the decision tree that, 

include the first non leaf node, the contributions being computed in 

10 proportion to a result of applying the soft decision function to a ratio of the 

first scale value and a difference between the threshold and a feature value 

taken from the feature vector according to the selection of the feature vector 

component associated with the first non-leaf node, the second scale value 

being used in the computation of the contributions for the bins associated 

15 with leaf nodes at ends of paths through the decision tree that include the 

second non leaf node, the system comprising 

a processing system configured to compute the first and second scale 

value by determining a first and second measure of statistical spread of the 

feature values taken from the feature vectors of a training set according to 

20 the selection of the feature vector component associated with the first and 

second non-leaf node respectively, and setting the first and second scale 

value to a product of a common factor and the first and second measure of 

statistical spread respectively. 

According to a second aspect of the present application, there is 

25 provided an image pattern recognition method for detecting a pattern in at 

least one image from detected interest points in the at least one image, the 

method comprising 

- extracting feature vectors, each feature vector comprising data derived 

from video content in a region in a predetermined relation to a location of a 

30 respective detected interest point in the at least one image; 
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- computing a set of bin values for bins associated with leaf nodes of decision 

trees of a forest of decision trees, the bin value being computed for each bin 

by summing contributions corresponding to the feature vectors, each 

contribution being computed dependent on selections of feature vector 

5 component and thresholds associated with non-leaf nodes along a path 

through the decision tree to the leaf node associated with the bin; 

- wherein at least a first non-leaf node from the non-leaf nodes of the 

decision trees has an associated first scale value, and at least a second non-

leaf node from the non-leaf nodes of the decision trees has an associated 

10 second scale, a soft decision function being used in the computation of the 

contributions for the bins associated with leaf nodes at ends of paths 

through the decision tree that include the first non leaf node, the 

contributions being computed in proportion to a result of applying the soft 

decision function to a ratio of the first scale value and a difference between 

15 the threshold and a feature value taken from the feature vector according to 

the selection of the feature vector component associated with the first non-

leaf node, the second scale value being used in the computation of the 

contributions for the bins associated with leaf nodes at ends of paths 

through the decision tree that include the second non leaf node,; 

20 - computing a pattern detection result by comparing the set of bin values to 

reference sets of values, the method comprising computing the first and 

second scale value by 

determining a first, and second measure of statistical spread of the 

feature values taken from the feature vectors of a training set according to 

25 the selection of the feature vector component associated with the first and 

second non-leaf node respectively, and 

setting the first and second scale value to a product of a common 

factor and the first and second measure of statistical spread respectively. 

According to a third aspect of the present application, there is 

30 provided a computer program product, comprising a program of instructions 
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for a programmable processing system that, when executed by the 

programmable processing system, will cause the programmable processing 

system to execute the methods as disclosed herein. 

5 Brief description of the drawing 

These and other objects and advantageous aspects will become 

apparent from a description of exemplary embodiments using the following 

figures. 

10 Figure 1 shows a pattern detection system 

Figure la shows a pattern detection system 

Figure 2 shows a flow chart of video pattern detectioi 

Figure 3 shows a decision tree 

Figure 4 shows a graph of a decision function 

15 Figure 5 shows a flow chart of decision tree selection 

Figure 6 shows a flow chart of a training process 

Figure 7 shows action detection results 
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Detailed description of exemplary embodiments 

Figure 1 shows a pattern detection system. The system comprises 

5 a camera 10, a video data storage device 11, an interest point detector 12, a 

feature vector extractor 13, a bin value computing module 14, a bin value 

data memory 15. a support vector machine 16 and a control system 17. 

Camera 10 has an output coupled to video data storage device 11. Interest 

point detector 12 has an input, coupled to video data storage device 11. 

10 Feature vector extractor 13 has inputs coupled to video data storage device 

11 and an output of interest point detector 12. Bin value computing module 

14 has an input coupled to an output of feature vector extractor 13. Bin 

value computing module 14 has an output coupled to bin value data memory 

15. Support vector machine 16 has an input coupled to bin value data 

15 memory 15. Control system 17 is coupled to video data storage device 11, 

interest point detector 12, a feature vector extractor 13, bin value computing 

module 14, bin value data memory 15 and support vector machine 16. 

Bin value computing module 14 comprises a first memory 140 for storing 

decision criteria, a second memory 144 for storing detected feature vectors 

20 from feature vector extractor 13 and a decision module 142 coupled to the 

memory 140. In an embodiment, the first and second memory may be 

different parts of a same memory. Decision module 142 is configured to 

apply decision criteria from memory 140 to feature vectors from feature 

vector extractor 13. 

25 Support vector machine 16 comprises a reference bin value 

memory 160, and a comparator module 162 coupled to reference bin value 

memory 160. Comparator module 162 is configured to compare sets of bin 

values from bin value data memory 15 with reference sets of bin values from 

reference bin value memory 160. In a support vector machine 16 a measure 

30 of difference between the set of bin values and a reference set is computed 
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for each reference set, a weighted sum of the measures of difference for 

different reference sets is computed, and a decision function is applied to 

this weighted sum, for example hy assigning one of two binary values 

representing the classification result dependent on whether the weighted 

5 sum is above or below a threshold. Herein the weights used in the sum, 

which may be positive or negative, represent whether the reference sets 

correspond to the pattern to be detected or not. However, it should be 

appreciated that other types of classifier may be used, not only classifiers 

that produce one of two binary values (pattern detected or not respectively), 

10 but also classifiers that distinguish between a plurality of different pattern 

types, and classifiers that do not use weighted sums. In another example, 

the classifier may simply use a classification provided with the reference set 

that differs least from the set of bin values obtained from the sequence of 

images, or a majority vote using votes for classifications provided with a 

15 predetermined number of reference set that differs least from the set of bin 

values obtained from the sequence. 

Although various components of the pattern detection system are 

shown as separate entities, it should be understood that, except for camera 

10, they can be implemented using a programmable data processing system 

20 with storage devices such as semi-conductor memory and disk memory, 

using a computer program to make the data processing system execute the 

functions of part or all of the entities. 

Figure la shows a pattern detection system wherein interest 

point detector 12, a feature vector extractor 13 received images from camera 

25 10 and extracted feature vectors for detected interest points are stored in a 

feature vector memory 146 for use by bin value computing module 14. In 

this embodiment the video data itself need not be stored. 

Figure 2 shows a flow-chart, of operation of the pattern detection 

system during video pattern detection. In a first step 21, camera 10 captures 

30 a images of a video sequence and stores video data representing the images 
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in video data storage device 11. In a second step 22, interest point detector 

12 detects spatio-temporal interest points in a segment of the video data. 

This results in a set of spatio-temporal coordinates (r,t) of the detected 

interest points, that is, an indication, of the position of the detected interest 

5 point in the segment and its position in image coordinates. 

In a third step 23 feature vector extractor 13 accesses video data 

storage device 11 to extract feature data from the sequence using image 

areas from a subset of the images. The subset of images contains images at 

successive positions in the sequence at a time point determined from the 

10 temporal coordinate of the detected interest point and the image areas lying 

in these images spatial locations in the images determined from the spatial 

coordinates of the detected interest point. In an embodiment feature vector 

extractor 13 computes a histogram of gradient values in the time and/or 

space direction of the pixel values in the image areas from a subset of the 

15 images. Such a histogram has bins that are each associated with a 

respective range of gradient values, each bin containing a count of the 

number of pixels that have gradient values in the ranges of the bin. In this 

case, different components of the feature vector may be the counts from 

different bins. But in an embodiment other components of the feature vector 

20 may be other functions of the pixel values in spatio-temporal regions, such 

as averages, amplitudes of Fourier transforms of pixel values etc. 

More generally, a feature vector may be any collection of vector 

components, each component corresponding to a number that represents 

data derived from the image areas from a subset of the images. Feature 

25 vectors with more than hundred components may be used for example. 

Feature vector extractor 13 uses coordinates of detected interest points from 

interest point detector 12 to select the image areas from a subset of the 

images. Feature vector extractor 13 stores the resulting feature vectors in 

the second memory 142 of bin value computing module 14. 
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In a fourth step 24, bin value computing module 14 uses each 

feature vector to increment bin data in bin value data memory 15. To do so, 

bin value computing module 14 makes use of the concept of decision trees. 

Figure 3 illustrates a decision tree. The tree has a root note 30, 

5 leaf nodes 32, layers of intermediate nodes 34 and branches 36 (only braches 

along the path from root node 30 to one leaf'node 32 labelled) connecting the 

nodes. A first and second branch 36 connect root node 30 to intermediate 

nodes 34 in a next layer and further branches connect intermediate nodes 

34 in each layer to further intermediate nodes or to leaf nodes 32 in a next 

10 layer. Leaf nodes 32 correspond to bins in bin value data memory 15. As 

may be noted, not all leaf nodes need be in the same layer. Conventionally, 

the decision tree is used to select one histogram bin (leaf node 32) at the end 

of a path through the tree. 

The selection of this conventional path involves decision criteria 

15 associated with the nodes. Conventionally, each of intermediate nodes 34 

and root node 20 (node N) may be associated with a pair of branches 36 to 

successor nodes (Nl, N2) as well as with a respective criterion in the form of 

a combination (m, T) of a number m that indicates a feature vector 

component and a threshold T. Conventionally, the respective criteria of each 

20 of the intermediate nodes 34 and root node 30 are used to test whether 

value of the indicated component in the feature vector is above the threshold 

or not, and to use the result to select between proceeding to a next node 

along a first or second branch from the intermediate nodes 34 and root node 

30 to a successor node N1 or a node N2. 

25 Conventionally, a "forest" with a plurality of such decision trees 

may be used. Each decision tree corresponds to a respective subset of bins, 

each decision tree being used to select one bin from its respective subset of 

bins that is to be incremented. 

In the system of figure 1, soft decision trees are used, wherein 

30 each of the intermediate nodes 34 and root node 30 corresponds to a 
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respective soft decision criterion corresponding to a combination (m, T, S, 

Gl, G2) of a number m that indicates a feature vector component, a 

threshold T, a scale S and soft decision functions Gl, G2 associated with the 

branches from the node, •with G2 = 1 - Gl. The feature vector component 

5 may be a selected function of other feature vector components. As used 

herein, any such function will be considered to be another component of the . 

feature vector. 

As will be explained, the soft decision functions will be used to 

compute factors F=Gl(x) and G2(x), where the argument x of the soft 

10 decision function Gl is x=(V-T)/S, V being a feature vector value. In an 

embodiment, the basic decision functions Gl, G2 are the same for all nodes, 

for example functions know as sigmoid function may be used, 

Gl= l/(l+exp(-x)) and G2= l/(l+exp(x)), wherein expO is the exponential 

function, raising "e" to the power of its argument. 

15 Figure 4 shows a graph of a decision function Gl=l/(l+exp(-x)) as 

a function of its argument. 

In a fourth step 24 of the flow chart of figure 2, bin value 

computing module 14 computes bin value increments using the soft decision 

criteria. Bin value computing module 14 computes the increment C(l) for a 

20 leaf node 1 32 as a product of factors F(b) associated with the branches b 36 

along the path of from the root node 30 to the leaf node 1 32. 

C(l) = Product F(b) 

25 The factor F(b) for each branch b 36 is computed as a function 

F=Gl((V(m)-T)/S) or F=G2((V(m)-T)/S), using (m,T,S,Gl,G2) of the node 

from which the branch takes off, using the value V(m) of the mth component 

of the feature vector of function of the feature vector components and the 

one of Gl and G2 that is associated with the branch. In an embodiment bin 

30 value computing module 14 computes bin value increments from a same 
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feature vector for each of the bins (leaf nodes 32) in this way. When a forest 

of decision trees is used, bin value computing module 14 may use each 

decision tree to compute increments for all bins of respective subset of bins 

for that decision tree. Still in fourth step 24, bin value computing module 14 

5 increments bin values in bin value data memory 15 with the increments 

computed for the different bins. 

In a fifth step 25, support vector machine 16 compares the 

resulting sets of bin values for the differen t bins with reference sets of bin 

values from reference bin value memory 160. For each reference sets of bin 

10 values a similarity measure with the set of bin values for the video segment 

can be computed (e.g. a sum of the lowest of the bin value for the video 

segment and the lowest of bin values from the reference set for 

corresponding bins), which may be combined to compute a recognition score. 

Methods of doing so are known per se. 

15 In an embodiment support vector machine 16 determines, for each 

set of reference bin values and each bin, the lowest of the bin value from bin 

value data memory 15 and bin values from the reference set from bin value 

reference bin value memory 160. For each set of reference bin values 

support vector machine 16 sums these lowest values over all bins and 

20 reference sets, optionally multiplying the values for different reference sets 

with set-specific weights. Positive and negative weights may be used, so that 

similarity to reference sets with positive weights reinforces recognition and 

similarity to reference sets with negative weights works against recognition. 

Support vector machine 16 applies a predetermined decision function to the 

25 sum after adding a bias value, to produce recognition score. 

In an embodiment the bin values from bin value data memory 15 

and bin value reference bin value memory 160 may be normalized prior to 

comparison (e.g. prior to determining the lowest values), for example by 

dividing the bin values in bin value data memory 15 or the increments by 

30 the total number of detected interest points, or by the sum of the bin values 
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taken over all bins in bin value data memory 15. However, alternatively 

other ways of computing similarity scores between sets of bin value data 

memory 15 and the reference sets of bin value reference bin value memory 

160 may be used, based on correlations for example. 

5 The recognition score may be used for various purposes. For 

example, control system 17 may compare the recognition score with a 

threshold value and generate an alert signal if the recognition score exceeds 

the threshold. In another embodiment, control system 17 may retrieve and 

display the video segment from which the interest points where detected, 

10 when the recognition score exceeds the threshold. The pattern detection 

system may be a surveillance system for example, wherein the alert and/or 

the display is used for enabling a human supervisor to view the video 

segment. In another embodiment the pattern detection system may part of a 

video search system, with a user interface for entering a query that may 

15 directly or indirectly specify the threshold, the video segment or a reference 

to it being returned as a search result when the recognition score exceeds 

the threshold. 

As will be noted, operation of the pattern detection system 

depends on a number of parameters. These include the depths of the leaf 

20 nodes 32 in the decision trees (i.e. the number of branches between the root 

node 30 and the leaf node 32), the combinations (m,T,S) that are associated 

with respective nodes, the sets of reference bin values and their associated 

bias value. The selection of these parameters is made by means of a training 

process, using sets of training video segments for with positive and negative 

25 examples of the pattern to be detected respectively. 

Figure 6 shows a flow chart of a training process. In a first step 61 

a training set of a plurality of video segments is stored in video data storage 

device 11 and each is provided with a classification that indicates whether 

or not the video segment is an example of the class to be detected. 
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In a second step 62 control system 17 causes interest point detector 12 and 

feature vector extractor 13 to detect interest points and extract feature 

vectors for the detected interest points for all the video segments in the 

training set. Control system 17 collects the extracted feature vectors and 

5 stores them in association with the classification whether or not the video 

segment from which the feature vector was extracted is an example of the 

class to be detected. 

In third and fourth steps 63, 64 control system 17 selects the 

parameters of the decision trees. In an embodiment, this is done node for 

10 node. In a third step 63, control system 17 selects index values m and 

threshold values T for the nodes. 

Selection of index values m and threshold values T for the nodes 

is well known per se. A random forest selection algorithm may be used, 

which is known per se. Figure 5 shows an illustrative embodiment of forest 

15 selection third step 63 has a first sub-step 631 wherein control system 17 

selects sets of proposed indexes m of feature values for the root nodes of the 

trees in the forest, that is, a set of indexes of components of feature vectors. 

A random selection of a predetermined number of indexes may be used, 

wherein the predetermined number is substantially smaller than the total 

20 number of components of the feature vector. In one example the feature 

vector has 162 components and the predetermined number is 32. In a second 

sub-step 632, control system 17 selects sets of proposed threshold values for 

the root nodes. The proposed threshold values may be selected at random. A 

plurality of threshold values T may be selected for each index. 

25 In a third sub-step 633, control system 17 evaluates different 

combinations of the proposed indexes m and thresholds T. In an 

embodiment each combination (m, T) of selected indexes m and threshold 

values T is evaluated by computing a separation score from a subset of the 

training examples, using a predetermined function for that score. The 

30 separation score function measures how well the criterion defined by a 



WO 2014/098604 PCT/NL2013/050942 

14 

combination (m, T) operates to separate positive and negative training 

samples. A Gini index may be used for example. Control system 17 selects a 

combination with the best separation score function value for use in the 

criterion of the root node. 

5 The separation score function may be computed by counting the 

number Npu, of detected interest points in training video segments of the 

class to be detected for which the feature value m is above the threshold, as 

well as the overall number Np, of detected interest points in training video 

segments of the class to be detected. Similar numbers Nnu and Nn may be 

10 computed for detected interest points in training video segments of example 

where the class should not be detected. From these numbers control system 

17 may compute separation score function values for the (m, T) 

combinations, dependent on how much interest points form training videos 

of the class to be detected are still mixed with those outside that class in the 

15 sets of interest points with feature values above and below the threshold. An 

optimal separation score occurs when Npu=Np and Nnu=0 and when Npu=0 

and Nn=Nnu, with lesser optimal scores with increasing deviations from 

these conditions. 

In a fourth sub-step 634 control system 17 proceeds to selection of 

20 combinations (m, T) of selected indexes m and threshold values T for 

subsequent nodes at the end of branches from previous nodes, to make such 

subsequent nodes intermediate nodes 34. Alternatively, control system 17 

may determine that control system 17 determines that a subsequent node 

becomes a leaf node 32. This may be done for example when control system 

25 17 determines that the split made in a training set of feature vectors, by 

applying the criteria of preceding nodes along the path from the root node 

30 to the subsequent node to the feature vectors, results in a homogeneous 

subset of feature vectors, i.e. a subset from feature vectors with the same 

training classification, or less than a predetermined fraction of other 

30 training classification. If the subsequent node is not to be a leaf node, a 



WO 2014/098604 PCT/NL2013/050942 

15 

combination (m, T) may be selected as describe for root node 30. The process 

may stop once all branches end in leaf nodes or when a predetermined 

number of nodes has been generated for example. 

In a fifth sub-step 635, control system 17 loads the selected index 

5 values m, threshold values T and scale values S for the nodes into the first 

memory 140 for storing decision criteria of bin value computing module 14. 

In a fourth step 64, control system 17 selects relative scale factors SO for the 

nodes. In embodiment, this is done for each node by taking the feature 

values for the selected index m of the node from the extracted feature 

10 vectors of all detected interest points in all video segments in the training 

set and computing the standard deviation of these feature values: 

SO = sqrt { <V(m)*V(m)> - <V(m)>*<V(m)> } 

15 Herein <> indicates taking the average over all detected interest 

points in all video segments. Instead of the standard deviation another 

measure of statistical spread may be used, such as an average < I V(m)-

<V(m)> | >of the absolute value of the deviation from the average, a distance 

between argument values at which a cumulative count function reaches 

20 predetermined values (the cumulative count function Cm(x) is a function 

that represents the fraction of features in the training set with values for 

feature value m below the argument x, predetermined values may be 0.5+d 

and 0.5-d, where d is a predetermined number) or a distance between V(m) 

values at which a histogram of the frequency of values V(m) drops below a 

25 predetermined threshold etc. 

In a fifth step 65 control system 17 selects an initial common scale 

factor B for the scale factors S, from which the value of the scale S (also 

called the scale value S) for a node may be determined by 

30 S = B * SO 
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Herein SO is the relative scale factor for the node. In an 

embodiment the process optimizes the common scale factor B by means of 

feedback, as will be explained. Hence the initial value of the common scale 

5 factor B is not critical. 

In a sixth step 66, control system 17 loads the resulting scale 

values S for the nodes into the first memory 140 for storing decision criteria 

of bin value computing module 14. Control system 17 then causes bin value 

computing module 14 to compute bin values for all video segments in the 

10 training set. Control system 17 collects the extracted sets of bin values for 

all video segments in the training set and stores the collected set of bin 

values for each video segment in association with the classification whether 

or not the video segment from which the set of bin values was extracted is 

an example of the class to be detected. 

15 In a seventh step 67 control system 17 selects the sets of reference 

bin values and corresponding bias values for use by support vector machine 

16 based on the collected sets of bin values and the classifications. Methods 

of doing this may be used that are known per se and will therefore not be 

described in detail. In sixth step 66 control system 17 furthermore computes 

20 a score for recognition quality obtained by means of the selected parameters 

on the basis of detection results when applied to video segments with a 

classification that indicates whether or not the video segment is an example 

of the class to be detected. In an embodiment, further sets of such video 

segments are used. A score is used that decreases with decreasing numbers 

25 of false positive and false negative pattern recognitions results. 

In an eighth step 68 control system 17 determines whether a 

termination criterion is met. The termination criterion may be that scores of 

recognition quality for a predetermined number of values of the common 

scale factor B have been computed. If the termination criterion is not met, 

30 control system 17 proceeds to a ninth step 69, wherein it selects a different 
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value of the common scale factor B and repeats from sixth step 66. Control 

system 17 may select successive values from a set of equally spaced values 

of the common scale factor B for example. Or it may select values obtain 

based on the computed scores of recognition quality, for example by 

5 selecting a common scale factor B at an optimum of an interpolation of the 

score for recognition quality obtained with previous values of the common 

scale factor B. With such adaptive selection the termination criterion may 

be that the change obtained with a different common scale factor B is below 

a threshold. 

10 Figure 7 illustrates values of a score for recognition quality that 

were obtained for different values of the common scale factor B for different 

video segments that show different classes of action. As can be seen 

different values of the common scale factor B are optimal for different 

classes of action. Therefore, it is advantageous to search for an optimal 

15 value of the common scale factor B for each given type of action individually. 

When the termination criterion has been determined to be met. 

control system 17 proceeds to a tenth step 690, wherein it selects a value of 

the common scale factor B that results in the best score for recognition 

quality. One of the values selected in fifth or ninth step 65, 69 may be used, 

20 or a value of the common scale factor B may be selected that optimizes an 

interpolation of the score for recognition quality obtained with those values. 

In the latter embodiment, selects the sets of reference bin values and 

corresponding bias values for use by support vector machine 16 in 

combination with the selected value of the common scale factor B as 

25 described for sixth and seventh step. 

Furthermore in tenth step 690 control system 17 causes the 

resulting scale values S for the nodes obtained with that common scale 

factor into the first memory 140 for storing decision criteria of bin value 

computing module 14. 
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Furthermore, control system 17 loads the sets of reference bin 

values and corresponding bias values that were obtained for the selected 

value of the common scale factor B into reference bin value memory 160 of 

support vector machine 16. The pattern detection system is then used for 

5 pattern detection using the loaded parameters as described in relation to 

figure 2. 

Although a specific embodiment has been described, it should be 

appreciated that various aspects of this embodiment can be modified. For 

example, although the embodiment has a random forest with trees wherein 

10 all non-final nodes are associated with a scale value S, it should be 

appreciated that part of the nodes need not have an associated scale value 

S. Such nodes may be handled in the conventional way, by selecting one 

branch for a feature vector and suppressing increments C to all successor 

nodes of the node along the unselected branch. Thus, a leaf node may lie at 

15 the end of a path that contains zero, one, two or more nodes with associated 

scale values S. The increment for the leaf node is proportional to the result 

of the decision function Gl or G2 of each such node, that is, to a product of 

the results of the decision function Gl or G2 of the nodes. 

In an embodiment, a scale value S is associated with a node in 

20 fourth step 64 of the training step only if the standard deviation exceeds a 

predetermined threshold. In other embodiments random decisions may be 

used to decide whether or not a scale value S will be associated with a node 

in fourth step 64. Although an embodiment has been described wherein the 

increments are computed by means of a product, it should be understood 

25 that this embodiment also stands for implementation by summing 

contributions from the nodes along a path. The logarithm of a product of 

factors is equal to the sum of logarithms of the factors. Similarly, 

application of the increments to the bin values may be performed by 

addition or by multiplication. 
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It should be understood that the terms "(decision) tree" and 

"histogram" are used to refer to sets of functional information. The term tree 

refers to information about leaf nodes and non-leaf nodes. The information 

for a non-leaf node includes information representing a feature vector 

5 component selection, a threshold, a scale factor, and a pair of successor 

nodes. When the non-binary decision functions for different nodes can differ, 

the information for the non-leaf node may also include an indication of the 

functions to be used. The information for a leaf node includes information 

representing a bin to which increments should be added. A bin corresponds 

10 to a storage location, where a bin value is stored. A "histogram" is a set of 

bins. The information for the tree is used to control the feature vector 

component, the threshold and the scale factor that will be used to compute 

function values from feature vectors extracted from a video data segment 

and to control the bins whose contents will be updated using the function 

15 results. 

Although an embodiment has been described with a support 

vector machine that uses a specific computation to compare sets of bin 

values and use them to compute a recognition result, it should be 

appreciated that other types of computation of the recognition result are 

20 possible. Any similarity measure may be used to compare sets of bin values. 

Although an embodiment has been described wherein a 

recognition result for patterns of a single class is computed, recognition 

results may also be computed for a plurality of classes. Support vector 

machine 16 may provide for detection of a plurality of different classes of 

25 action, a plurality of reference sets of bin values being provided for each 

class of action. In this embodiment support vector machine 16 may compute 

respective recognition scores for each class of action from the same video 

segment. 

Although an example has been described wherein the standard 

30 deviations are computed from a difference between an average square and a 
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square of averages, it should be understood that any measure of value 

spread can be used as an indication of the standard deviation. As used 

herein, computation of the standard deviation is used to refer to 

computation of any measure of spread. The average of the absolute value of 

5 the difference with the average may be used for example. The use of the 

common factor B makes a specific selection uncritical.. Contributions from 

different training video segments to the standard deviation may be weighted 

differently. 

Although an example has been described wherein any training set 

10 may be used to determine the standard deviations of the feature component 

values, it should be understood that instead specifically selected training 

sets may be used, or that Although an example has been described wherein 

any training set may be used to determine the standard deviations of the 

feature component values, it should be understood that instead specifically 

15 selected training sets may be used, or that contributions from different 

training video segments to the standard deviation may be weighted 

differently. 

Although an embodiment has been described wherein a random 

forest algorithm is used to generate the initial trees and their feature vector 

20 component selections m and threshold T, it should be appreciated that other 

methods of selecting trees may be used, for example methods that seek for 

more optimized trees. 

Although an embodiment has been described for spatio-temporal 

interest points from a sequence of video images, it should be understood 

25 that the described techniques can also be applied to interest points from a 

single image. However, use for spatio-temporal interest points from a 

sequence of video images has been found to improve detection of actions of 

specific types in the sequence. 

Background and more detailed embodiments will be discussed in 

30 the following, wherein {names} in accolades refer to the reference at the end. 
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The bag-of-features model is a distinctive and robust approach to 

detect human actions in videos. The discriminative power of this model 

relies heavily on the quantization of the video features into visual words. 

The quantization determines how well the visual words describe the human 

5 action. Random forests have proven to efficiently transform the features into 

distinctive visual, words. A major disadvantage of the random forest is that 

it makes binary decisions on the feature values, and thus not taking into 

account uncertainties of the values. We propose a soft-assignment random 

forest, which is a generalization of the random forest, by substitution of the 

10 binary decisions inside the tree nodes by a sigmoid, function. The slope of the 

sigmoid models the degree of uncertainty about a feature's value. The 

results demonstrate that the soft-assignment random forest improves 

significantly the action detection accuracy compared to the original random 

forest. The human actions that are hard to detect -- because they involve 

15 interactions with or manipulations of some (typically small) item - are 

structurally improved. Most prominent improvements are reported for a 

person handing, throwing, dropping, hauling, taking, closing or opening 

some item. 

20 For action detection, promising results have been achieved in 

constrained settings, such as where the number of actions was limited 

{Guha}, or the variations of the actions was constrained {Schuldt}, or the 

background was fixed {Gorelick}. The key components of a robust action 

detection system are: invariance of the features to changing recording 

25 conditions, sensitivity to the motion patterns and appearance, selectivity 

and robustness of the feature representation for the current action, and good 

discrimination between the positives and negatives by a robust classifier. 

Advanced and well-engineered action detectors have been proposed recently. 

The representation of a person's trajectory has enabled storyline generation 

30 {Gupta} and textual descriptions {Hanckmann}. Most recently, the Action 
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Bank detector {Corso} has been able to learn new actions based on a rich 

bank of many other actions under various viewpoints and scales. Yet, simple 

bag-of-features models {SivicBOF}, from which also action detectors have 

been build {Guha,Laptev2008}, have demonstrated to be also very effective 

5 {BurghoutsICPR,WangEVAL}. Their advantage is the straightforward 

implementation, computational efficiency and robustness. Robustness is 

critical, because videos in many cases are unconstrained. For example, 

videos from camera networks, YouTube, and surveillance systems can by 

recorded in any place, and with any sort of content: what happens in front of 

10 the camera is not controllable. Bag-of-features detectors proved to be 

effective for detection of human actions from "videos in the wild" {Liu} and 

from movies {Laptev2008}. Good results have been obtained for a range of 

actions including quite complex action such as digging in the ground, falling 

onto the ground, and chasing somebody (BurghoutsICPR}. Yet, for the 

15 detection of more complex actions, such as the exchange of an item, or 

burying or hauling something, the standard bag-of-features action detectors 

did not suffice {BurghoutsICPR}. 

In this paper, we consider an extension to the standard bag-of-

20 features action detector. The bag-of-features detector transforms features 

into visual words and represents the video as a frequency count of the 

words. This representation is fed into a classifier that performs the 

detection task. To capture the motion patterns of human actions, STIP 

features {LaptevSTIP} proved to be very effective. They were found to be 

25 superior to alternative local features {W angEVAL} and also to bounding-box 

based features {BurghoutsMVA}. The transformation of features into a 

visual word representation is done by either a codebook of 

representatives/prototypes of the features {SivicBOF} or by a quantizer such 

as a random forest {Moosmann}. The random forest proved to more 

30 distinctive for the detection of actions {BurghoutsICPR}, so this is our 
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quantizer of choice in this paper. One prominent advantage of the random 

forest is that during its construction -- the learning phase -- the class labels 

(whether the action is present or absent) are considered 

{Breiman,BurghoutsICPR,Moosmann}. This is beneficial for the 

5 discriminative power compared to other quantizers such as k-means 

{Bosch,Lazebnik}. The representation of the human action, in our case a 

histogram of visual words that is constructed by the random forest, is 

crucial for good discriminative power of the action detector. In this paper, 

we improve on the action representation, by generalizing the random forest 

10 to enable soft-assignment, leading to an increase of the detection accuracy. 

The random forest assigns the features to discrete random words 

{Moosmann} by binary decisions on the feature values {Breiman}. These 

binary decisions on feature values are not natural: the feature values encode 

15 motion characteristics which have a continuous nature. The binary decision 

on continuous feature values is unnatural. The second disadvantage of the 

binary decisions is that uncertainty is not accounted for. To solve these 

issues, we propose to adapt the random forest by substituting the binary 

decision (i.e. a step function) by a sigmoid (i.e. a smooth function). In the 

20 original random forest, a feature can go either left or right at each node 

descending to the leafs. To rephrase this in a probabilistic manner: the 

probability of the feature descending to the left child, p_l, is either zero or 

one, p_l = {0,1}. In the case of p_l = 0, the probability of the feature 

descending to the right leaf is p_r = 1 - p_l = 1. In our proposal, opposed to a 

25 binary decision in the original random forest, the soft-assignment random 

forest assigns a continuous probability when descending to the left and right 

node, p_l, p_r = [0,1] where p_l + p_r = 1. The probability of a feature 

descending to the left child node, p_l is determined by a sigmoid that will be 

defined in Section 3.1. The parameter of the sigmoid is the slope, which 

30 defines the amount of uncertainty about the feature's value: a steep slope 
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implies high certainty whereas a slower slope implies more uncertainty. The 

original random forest is the special case for sigmoids with an infinite slope 

(i.e. the step function). The slope of the nodes' sigmoids needs to be 

optimized, as it has a significant impact on the discriminative power of the 

5 obtained action histograms, as we will show in the experiments. Our 

proposal - substituting the binary decision at the random forest's nodes by a 

sigmoid function -- is a generalization of the random forest that enables soft-

assignment. 

10 The paper is organized as follows. In Section 2, we discuss the 

related work on the assignment of features to visual words, with special 

attention to s oft - assi gnm en t. In Section 3, we define our generalization of 

the random forest to include soft-assignment. Section 4 shows the improved 

accuracy of the detection of 48 human actions in realistic videos. We 

15 summarize the most important findings. Section 5 concludes the paper. 

Related Work 

Visual Words 

20 

The automated extraction of visual words for the bag-of-features 

model is an intensive field of research {Bosch, BurghoutsICPR, 

BurghoutsMVA, Laptev2008, Lazebnik, Moosmann, WangEVAL, SivicBOF}, 

because a better mapping from the visual features to words directly 

25 improves the discriminative power of the model. Various methods have been 

proposed to derive the visual words. One of the most popular methods is to 

cluster the features, e.g. by the very efficient k-means 

{Bosch,Lazebnik,SivicBOF}, Gaussian mixtures {June}, or fixed radius 

clustering {Gemert}. The cluster centers are the visual words and a nearest-

30 neighbor mapping is used to assign the feature to a word. The disadvantage 
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of these clustering methods is that they are unsupervised: the class labels 

axe not considered during training. Class-specific visual words have been 

considered by deriving the words per class {Perronnin}. Random forests 

have been considered to directly optimize the separability between the class 

5 and the negatives, as the class labels are taken into account during its 

construction {Breiman,Moosmann}. Due to its good performance for action 

detection {BurghoutsICPR,BurghoutsMVA}, the random forest is our choice 

for deriving the visual words in this paper. 

10 Uncertainty Modeling 

The assignment of a feature to a single visual word assumes that 

there is a single word that describes the feature. In our case we deal with 

features of the continuous motion field. It is well possible that a single word 

15 does not capture the richness of the motion feature. Solutions to this 

incongruence have been proposed in literature by assigning a feature to 

multiple words that are in the vicinity {Jiang,Tuytelaars}. Probabilistic 

assignment to multiple words has been addressed by voting schemes 

{Agarwal,Batra,Perronnin,Philbin}. The method of Gemert et al. {Gemert} 

20 achieved systematic improvements on various visual classification tasks by 

parameterizing the spread of a feature over the visual words in a continuous 

kernel-density framework {kerneldensity}. They placed a Gaussian kernel 

on each visual word, substituting the discrete membership function by a 

continuous function. This model enables a continuous contribution of any 

25 feature to any word, depending on its closeness to each word. The closeness 

is a continuous measure defined by the Gaussian function and its scale 

parameter. The larger scales enable more spread of the features over the 

words. The scale parameter directly addresses the uncertainty of the 

assignment of features to words. The scale parameter is optimized for the 

30 classification task by means of cross-validation. We adapt this approach to 



WO 2014/098604 PCT/NL2013/050942 

26 

the random forest, for which the modeling of uncertainty -- by assignment of 

a single feature to multiple visual words - has been impossible to date. We 

substitute the binary decision function at each node in the original random 

forest by a continuous sigmoid function, enabling the spread of a feature to 

5 multiple visual words depending on its closeness. 

Soft-Assignment Random-Forest 

Sigmoid Tree Nodes 

10 

In the original random forest, at each node a binary decision is 

made on whether a feature descends to the left or right child node. This 

decision on a feature's value x__i is modeled by the function b(x_i,mu_i), 

where mu_i is the threshold value: 

15 

b(x_i, mu_i) = 1 if x_i < mu„i and 0 otherwise. 

The value of the binary decision function determines the 

probability of a feature descending to the left, p_l. If the feature value x_i 

20 is smaller (greater or equal) than mu_i, then b(x_i,mu j) = 1 , and the 

feature descends to the left (right) child node. 

We substitute the binary decision function b(x_i,mu_i) by a 

sigmoid function f(x_i,muj,alpha_i) : 

25 

1-1./(1 + exp( -( xs - m ) * log(3) ./ ( beta * sigma ))) 

f(x__i,mu_i, alpha j) = 1 - frac{l}{l + exp(-fr ac{x_i-mu_i} {alpha_i})}, 
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with the parameter alpha_i indicating the uncertainty. A large 

value of alphaj causes a low slope and thereby modeling a larger degree of 

uncertainty. For alpha_i = 0 , a step function is obtained (i.e. infinite slope). 

For alphaj = infinity , we obtain f(xj,muj,alphaj) = 0.5 (zero slope). 

5 

In our soft-assignment random forest, the sigmoid function 

f(xj,muj,alphaj) is implemented at each node of each tree. For alpha_i = 

0 , the original random forest with binary decisions at each node is obtained. 

In that case, the feature descends either entirely to the left 

10 ( p_l = f(xj,muj, alphaj.) = 1) or to the right child node 

( p_r = 1 - f(x__i,mu_i,alphaj) = 1). For alphaj > 0 , the assignment is 

divided between the left node, pj = f(x J, m u J, alp h a J) = [0.1] , and right 

child node, p_r = 1 - f(x J ,mu_i, alph a J) . In the case of alphaj = infinity , 

the feature descends equally to both the left and right child nodes, p J = 

15 f(xj.,muj,alphaj) = p_r = 1 - pj = 1 - f(xj,muj,alphaj) = 0.5 . 

Efficient Parameter Optimization 

The sigmoid function f(x J, mu J, alph a J) has a slope parameter 

20 alphaj and it is optimized for the action detection task by means of cross-

validation (see Section 4). It is costly to optimize alphaj at each node 

individually, or even per tree it is likely to become an intractable 

optimization (we will consider 10 trees, while for some other applications 

500 trees are grown). We propose to optimize alphaj for the complete 

25 forest. In order to search for the right value of alphaj in the appropriate 

range of values xj , we adapt it at each node to the range of feature values 

xj on which the decision is made. This is done by establishing the standard 

deviation of xj , sigmaj , first. Then the alpha j parameter is expressed 

as a function of sigmaj , 

30 
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alpha_i = beta * sigmaj / log(3), 

with beta the new global uncertainty parameter that is to be 

optimized. In other words, beta is generic for all features i at all nodes of 

5 all trees inside the forest. We can now optimize beta globally, without 

having to optimize the uncertainty parameter (i.e. the sigmoid's slope) at 

each individual node for each feature i . The scaling of 

alpha j = beta * sigmaj. / log(3) is chosen such that for beta = 1 , the point 

at xj = mu J + sigmaj gives f(xj) = 1/4 , for all features i . This reference 

10 point makes it easier to understand the meaning of the sigmoid for a 

particular value for beta that is obtained after optimization. 

Substitution of the equations gives a new definition of the 

sigmoid function f(xj,muj,sigmaj,beta): 

15 

1-1./(1 + exp( -(xs - m ) * log(3)./ (beta * sigma))) 

f(xj,muj,sigmaj,beta) = 1 - [1 + exp(-(xj-muj) * / log(3) beta * sigmaj ], 

20 where beta is the single global parameter that is to be optimized, 

as the selection of the feature i and the threshold value muj are provided 

by the random forest generator, e.g. Breiman and Cutler's implementation 

{Breiman}, and sigmaj is derived directly from the data xj . 

25 Figure 4 illustrates the sigmoid function f(x,mu,sigma,beta) for 

increasing values of beta and fixed values of mu = 0.5 and sigma = 0.1, 

and x = [0,1] . On the horizontal axis are the feature values, x , and on the 

vertical axis the value of f(x,mu,sigma,beta), i.e. the probability pj that a 

particular value of the feature descends to the left child node (where the 

30 probability of descending to the right node is defined by p_r = 1 - p_l. The 
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original random forest with binary decisions is obtained for beta = 0 . For 

this setting, there is no uncertainty on the feature's value. The soft-

assignment random forest is obtained for beta > 0 . For larger values of 

beta , more uncertainty of the feature's value is modeled. 

5 

Action Detection Results 

Experimental Setup 

10 As a large video database of many diverse and complex human 

actions, we consider the visint.org database {visint}. It contains 3,480 

movies of 48 human actions in highly varying settings. The variations are: 

scenes, recording conditions, viewpoints (yet static cameras), persons, and 

clothing. Each video has been annotated for all 48 actions, where the 

15 annotate indicated presence or absence of the action. On average, 7 actions 

have been indicated to be present in a video. We perform experiments on the 

detection of each of the 48 actions. For completeness, we mention that the 

video size is 1280x720 pixels and the duration ranges from 3 to 30 seconds 

at 30 fps. 

20 

For each action, we repeat the experiment 5 times, where each 

repetition uses a randomized train set (50%) and test set (50%). We report 

the performance on the test set, where we indicate the average of our 

performance measure. Our performance measure is Matthews Correlation 

25 Coefficient (MCC), because it is independent of the prevalence of an action. 

The prevalence of the actions varies highly: 'move' occurs in 75.4% of the 

movies, where "bury* occurs only in 1.8% of the movies. The meaning of the 

MCC is as follows: a score of 1 (-1) indicates perfect positive (negative) 

correlation between the action detector and the annotations, where a score 

30 of 0 indicates no correlation with the annotations. 
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The detection performance of the action detectors with the 

original random forest (beta = 0 ) is compared against the detectors with 

the soft-assignment random forest ( beta > 0 ). The sigmoid inside the 

5 random forest is the only varied parameter in the algorithm pipeline (see 

Section 4.2), beta - {0,1/16,1/8,1/4,1/2,1,3/2} . For all variations of the 

sigmoid's slope, we consider the exact same randomization for each of the 5 

repetitions of the retrieval experiment. 

10 Algorithmic Pipeline from Features to Detection 

For each action, we create a random forest {Breiman} with 10 

trees and 32 leafs, based on 200K feature vectors, 100K from randomly 

selected positive videos, and 100K from either randomly selected or selective 

15 sampled negative videos. The random forest quantizes the features into 

histograms {Moosmann} and a SVM classifier with a chi2 kernel {Zhang} is 

trained that serves as a detector for each action. For the random forest we 

use Breiman and Cutler's implementation {Breiman}, with the M-parameter 

equal to the total number of features (162). The sigmoid functions at each 

20 node are included after the random forest has been generated. For the SVM 

we use the lib SVM implementation {lib SVM}, where the chi2 kernel is 

normalized by the mean distance across the full training set {Zhang}, with 

the SVM's slack parameter default C=l. The weight of the positive class (i.e. 

the samples of a particular action) is set to (#pos + #neg)/ #neg and the 

25 weight of the negative class (i.e. samples that do not contain the action) to 

(#pos + #neg)/ #pos , where #pos and #neg are the amount of positive 

and negative class samples {Sande}. 

30 Organization of the Results 
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Figure 7 shows action detection results for all 48 actions. The 

varied parameter on the x-axis is the uncertainty of the soft assignment by 

the random forest (the beta parameter). The y-axis indicates the MCC score 

5 (detection accuracy). The score of the original random forest, without 

uncertainty modeling (beta = 0), is on the left in each plot. For 36 out of 48 

actions the detection is improved by the proposed soft-assignment random 

forest that models the uncertainty (beta > 0). Often the best value for the 

uncertainty parameter beta is small 

10 For each of the 48 human actions, we plot the detection 

performance for decreasing slope of the sigmoid (i.e. increasing uncertainty) 

inside the random forest, see Figure 7. The x-axis shows the decreasing 

slope of the sigmoid, beta . The most left point in each graph is the original 

random forest ( beta = 0 ), without uncertainty modeling (i.e. a sigmoid with 

15 infinite slope, thus a step function). The other points indicate the 

performance of the soft assignment random forest ( beta > 0 ). Points that 

are more to the right in the graph indicate larger uncertainties (i.e. lower 

slope). On the y-axis the MCC score is indicated as a measure of the 

detection accuracy for each action and each beta value of the soft-

20 assignment. 

Findings 

The first finding from Figure 7 is that 36 out of 48 human actions 

25 are improved by considering soft-assignment. The most notable 

improvements are achieved for actions that are hard to detect as they 

involve subtle interactions with small items: hand (0.20, was 0.14), drop 

(0.11, was 0.07), haul (0.18, was 0.14), throw (0.14, was 0.11), take (0.16, 

was 0.12), flee (0.27, was 0.23), close (0.18, was 0.14), dig (0.26, was 0.23), 

30 bounce (0.21, was 0.18), open (0.23, was 0.20), and, pickup (0.30, was 0.27). 
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This result is important, as these are exactly the interesting yet complex 

actions that are interesting to retrieve. 

The second finding is that for many verbs there is a clear 

5 optimum of the beta parameter: the performance graphs that show the 

MCC score across various values of beta show a peak. There are two 

categories of optimal beta values. One category of actions is best detected 

by beta = 0 , i.e. the original random forest. These actions are: arrive, bury, 

carry, catch, dig, enter, exit, fly, go, hit, jump, kick, lift, pass, putdown, run, 

10 snatch, turn. The other category of actions is characterized by an optimal 

intermediate value of beta . Notice the convex performance curves and 

peaks, most prominently observed for the actions: bounce, drop, get, give, 

hand, haul, have, move, open, pickup, push, replace, touch. For these 

actions, the optimization of the beta value of the soft-assignment random 

15 forest is critical. 

The third finding is that small amounts of uncertainty, i.e. small 

values of beta < 0.25 , are structurally better than larger values (beta > 

0.25). 

20 

The fourth finding is that the average improvement across the 

board is 10%, from an average MCC = 0.219 for the action detectors based 

on the original random forest, to MCC = 0.241 with inclusion of the proposed 

soft-assignment. 

25 

Conclusions 

This paper has addressed the improvement of the bag-of-features 

model for action recognition. We have generalized the random forest by 

30 substituting the binary decisions at the tree nodes by a sigmoid function. 
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This sigmoid enables the modeling of uncertainty, which is intrinsic to 

making decisions on continuous feature values. Our soft-assignment random 

-forest generalizes the original random forest to cope with uncertainty and 

continuous features. We have presented a simple and efficient 

5 implementation of the soft-assignment. In our experiments, we evaluate the 

detection of 48 human actions in 3,480 realistic movies. These movies are 

challenging as the actions vary highly in complexity and prevalence, 

ranging from a walking person (simple and high prevalence) to two persons 

who exchange an item with each other (complex and rare). Moreover, the 

10 scenes, recording conditions, viewpoints (yet static cameras), persons and 

their clothing also varies. We have demonstrated that the human actions 

that are hard to detect -- because they involve interactions with or 

manipulations of some (typically small) item - are structurally improved. 

The average improvement across the board is 10%. Most prominent 

15 improvements are reported for a person handing, throwing, dropping, 

hauling, taking, closing or opening some item. 
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Claims 

1. An image pattern recognition system for detecting a pattern from 

at least one image based on detected interest points in the at least one 

image, the pattern recognition system comprising 

- a feature vector extractor configured to extract feature vectors, each 

5 feature vector comprising data derived from video content in a region in a 

predetermined relation to a location of a respective detected interest point in 

the at least one image; 

- a bin value computing module, configured to compute a set of bin values 

for bins associated with leaf nodes of decision trees of a forest of decision 

10 trees, the bin value being computed for each bin by summing contributions 

corresponding to the feature vectors, each contribution being computed 

dependent oil selections of feature vector components and thresholds 

associated with non-leaf nodes along a path through the decision tree to the 

leaf node associated with the bin; 

15 - a classifier, configured to compute a pattern detection result by comparing 

the set of bin values to reference sets of values, 

wherein at least a first non-leaf node from the non-leaf nodes of the decision 

trees has an associated first scale value and at least a second non-leaf node 

from the non-leaf nodes of the decision trees has an associated second scale 

20 value, the bin value computing module being configured to use a soft 

decision function in the computation of the contributions for the bins 

associated with leaf nodes at ends of paths through the decision tree that 

include the first non leaf node, the contributions being computed in 

proportion to a result of applying the soft decision function to a ratio of the 

25 first scale value and a difference between the threshold and a feature value 

taken from the feature vector according to the selection of the feature vector 

component associated with the first non-leaf node, the second scale value 
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being used in the computation of the contributions for the bins associated 

with leaf nodes at ends of paths through the decision tree that include the 

second non leaf node, the system comprising 

a processing system configured to compute the first and second scale 

5 value by determining a first and second measure of statistical spread of the 

feature values taken from the feature vectors of a training set according to 

the selection of the feature vector component associated with the first and 

second non-leaf node respectively, and setting the first and second scale 

value to a product of a common factor and the first and second measure of 

10 statistical spread respectively. 

2. An image pattern recognition system according to claim 1, 

wherein the interest points are spatio-temporal interest points having space 

and time coordinates in a temporal sequence of images, the feature vector 

15 extractor being configured to extract feature vectors each from a respective 

spatio-temporal region in the sequence of images, in a predetermined spatio-

temporal relation to a spatio-temporal location of a respective detected 

interest point. 

20 3. An image pattern recognition system according to claim 1, 

wherein substantially all of the non-leaf node of the decision trees have a 

respective scale value for use in the computation of the contributions for the 

bins associated with leaf nodes at ends of paths through the decision tree 

that include the second non leaf node, the contributions being computed in 

25 proportion to results of applying, for each of the substantially all of the non-

leaf nodes, a respective soft decision function to a ratio of the respective 

scale value for the non-leaf node and a difference between respective 

threshold and a feature value taken from the feature vector according to the 

selection of the feature vector component associated with the non-leaf node; 
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the processing system being configured to compute the respective scale 

values by determining respective measures of a statistical spread of the 

feature values taken from the feature vectors of a training set according to 

the selection of the feature vector component associated with said 

5 substantially all non-leaf nodes respectively, and setting the respective scale 

value for each of said substantially all non-leaf nodes to a product of a 

common factor and the measure of the statistical spread for the non-leaf 

node. 

10 4. An image pattern recognition system according to claim 3, 

wherein the processing system is configured to select the common factor in a 

feedback loop using the pattern detection results obtained for training 

examples, using respective different values of the common factor. 

15 5. An image pattern recognition system according to claim any one 

of cl aims 3-4, wherein the processing system is configured to select the 

common factor independently for respective different pattern classes on the 

basis of training examples for the respective different pattern classes. 

20 6. An image pattern recognition system according to claim any one 

of claims 3-5, wherein the measure of statistical spread is a standard 

deviation of the feature values taken from the feature vectors of a training 

set according to the selection of the feature vector component associated 

with the non-leaf node. 

25 

7. An image pattern recognition method for detecting a pattern in at 

least one image from detected interest points in the at least one image, the 

method comprising 
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- extracting feature vectors, each feature vector comprising data derived 

from video content in a region in a predetermined relation to a location of a 

respective detected interest point in the at least one image; 

- computing a set of bin values for bins associated with leaf nodes of decision 

5 trees of a forest of decision trees, the bin value being computed for each bin 

by summing contributions corresponding to the feature vectors, each 

contribution being computed dependent on selections of feature vector 

component and thresholds associated with non-leaf nodes along a path 

through the decision tree to the leaf node associated with the bin; 

10 - wherein at least a first non-leaf node from the non-leaf nodes of the 

decision trees has an associated first scale value, and at least a second non-

leaf node from the non-leaf nodes of the decision trees has an associated 

second scale, a soft decision function being used in the computation of the 

contributions for the bins associated with leaf nodes at ends of paths 

15 through the decision tree that include the first non leaf node, the 

contributions being computed in proportion to a result of applying the soft 

decision function to a ratio of the first scale value and a difference between 

the threshold and a feature value taken from the feature vector according to 

the selection of the feature vector component associated with the first non-

20 leaf node, the second scale value being used in the computation of the 

contributions for the bins associated with leaf nodes at ends of paths 

through the decision tree that include the second non leaf node,; 

- computing a pattern detection result by comparing the set of bin values to 

reference sets of values, the method comprising computing the first and 

25 second scale value by 

determining a first and second measure of statistical spread of the 

feature values taken from the feature vectors of a training set according to 

the selection of the feature vector component associated with the first and 

second non-leaf node respectively, and 
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setting the first and second scale value to a product of a common 

factor and the first and second measure of statistical spread respectively. 

8. A method according to claim 7, wherein the interest points are 

5 spatio-temporal interest points having space and time coordinates in a 

temporal sequence of images, the feature vectors being extracted each from 

a respective spatio-temporal region in the sequence of images, in a 

predetermined spatio-temporal relation to a spatio-temporal location of a 

respective detected interest point. 

10 

9. A method according to any one of claims 7-8, wherein 

substantially all of the non-leaf node of the decision trees have a respective 

scale value for use in the computation of the contributions for the bins 

15 associated with leaf nodes at ends of paths through the decision tree that 

include the second non leaf node, the contributions being computed in 

proportion to results of applying, for each of the substantially all of the non-

leaf nodes, a respective soft decision function to a ratio of the respective 

scale value for the non-leaf'node and a difference between respective 

20 threshold and a feature value taken from the feature vector according to the 

selection of the feature vector component associated with the non-leaf node; 

the method comprising 

determining respective measures of statistical spread of the feature 

values taken from the feature vectors of a training set according to the 

25 selection of the feature vector component associated with said substantially 

all non-leaf nodes respectively, and 

setting the respective scale value for each of said, substantially all 

non-leaf nodes to a product of a common factor and the measures of 

statistical spread for the non-leaf node. 

30 
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10. A method according to claim 7 or 9, comprising selecting the 

common factor in a feedback loop using the pattern detection results 

obtained for training examples, using respective different values of the 

common factor. 

5 

11. A method according to any one of claims 7-10, wherein respective 

sets of the scale values are selected each for a respective class of detectable 

patterns, for use to detect occurrences of patterns from the respective 

classes, wherein the common factor is selected independently for different 

10 classes. 

12. A method according to any one of claims 1-11, wherein the 

measure of statistical spread is a standard deviation of the feature values 

taken from the feature vectors of a training set according to the selection of 

15 the feature vector component associated with the non-leaf node. 

13. A computer program product, comprising a program of 

instructions for a programmable processing system that, when executed by 

the programmable processing system, will cause the programmable 

20 processing system to execute the method of any one of the method claims. 


