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Introduction 

Recognizing actions in static and dynamic images is a basic and important capacity in 

visual perception. The focus of this study is on the recognition of what might be 

termed ‘visual verb phrases’. These are static or dynamic images which show an 

action that will typically be described by a short verb phrase, which specifies not only 

the action verb, but also additional information about the agent performing the action, 

the recipient, the tool etc. The input to the computation is a video or a single image, 

and the output is a description such as ‘the man picked a glass with his right hand’. 

The recognition of such actions requires, in addition to naming the action, the 

identification and localization of different components of the action, including the 

actor performing the action, the actual action being performed, the recipient of the 

action, the relevant body parts, and often a tool being used. Figure 1 illustrates 

examples of the problem and some of our current results. The analysis in these cases 

and in our work in general combines what we call ‘image interpretation’ and ‘event 

detection and analysis’. By ‘interpretation’ we mean the full detection and localization 

of the different components of the actor and the objects involved in the action, and by 

‘event detection and analysis’ we refer to detecting and analyzing the components of 

the action itself using the information obtained from the interpretation.  
                 

 
(a) 

 
                                  (b)                                                  (c) 
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(d) 

 

Figure 1: An example of the goal and of the results of two of the developed approaches, namely the 

body interpretation based approach and the chains model based approach. (a) Different examples of the 

‘drinking’ action, notice the visual dissimilarity between different examples. (b) An example action we 

want to recognize and interpret. Observing several frames or even a single static frame of the sequence, 

the interpretation would be: ‘a man picked up a glass with his right hand’. The performed action here is 

‘to pick up’, the actor is the ‘man’, the recipient of the action is the ‘glass’ and the body part (or the 

tool) being used is the ‘hand’. (c) The output of our body interpretation based approach (Appendix B), 

both the objects involved (man, glass) are interpreted (their parts marked with colors) and the action is 

detected (annotation above and in the ROI of the action). The approach uses our automatic body parts 

interpretation method (described in Appendix A). (d) Example actions automatically identified from 

single images using our static action recognition approach [Karlinsky et al., 2010b]. For each action, 

the relevant body parts (face, hand, and elbow) are detected [[Karlinsky et al., 2008b, Karlinsky et al., 

2010a] followed by the action recognition using features anchored to the parts. The bar graph on the 

right of each image depicts the log-likelihood of the 12 considered actions. Note the subtle visual 

differences that are necessary to detect in order to distinguish between similar actions. 

Types of actions 

“Action” is one of the most complex “objects” for visual recognition. For example 

Figure 1a shows a large variety of images depicting the action ‘drinking’. ‘Drinking’ 

can be performed by a man, a woman, or a child; one can drink with the left hand, the 

right hand or with both, using a cup, a glass, or a bottle, etc. Although action is an 

intuitive concept, which corresponds to some common dynamical occurrence the term 

‘action’ refers to a large range of dynamic events. In this study, we typically refer to 

actions which are assigned verbs in the natural language. More specifically, we are 
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focusing on actions that can be visually identified from a “not too long” sequence of 

movements, visual state changes or a particular configuration of objects and their 

parts. We denote those actions: elementary actions. Examples of elementary actions 

are walking, taking, pushing, drinking, writing and the like. Examples for the non-

elementary actions, which are not addressed directly in this study, would be buying, 

traveling, etc. 

 

We further differentiate elementary actions between "transitive" and "intransitive" 

actions. Transitive actions are typically described by transitive verbs: point, touch, 

hold, etc.; they involve more than a single entity, usually the ‘actor’ who performs the 

action and the ‘recipient of the action’ – the direct object of the verb. Intransitive 

actions, described by intransitive verbs, such as: walking, running, jumping, involve 

only one entity – an agent performing the action, e.g.:  a running man, jumping 

animal, falling stone, etc. In this study we focus mainly on the transitive actions, 

which are usually more difficult to model and recognize, but the tools and the 

methodology we develop readily apply to any type of elementary action. Moreover, 

intransitive actions, such as in the examples above, are characterized by movement 

and therefore temporal information (a short video sequence) is required in order to 

recognize them. In contrast, the transitive actions are more characterized by the pose 

of the actor, the tool she/he is holding, and the presence of the action recipient, and 

thus in many cases such actions can be readily identified by human observers from 

only a single image [Karlinsky et al., 2010b]. 

 

In this study we focus on action recognition based on more complete "interpretation" 

of objects and their parts, rather than just labeling the image as containing or not 

containing an action. We argue that to reliably recognize most transitive elementary 

actions, one has to first to detect not only the objects involved, but also their relevant 

parts and agent-to-object relations in space and in time. We denote by the term "image 

interpretation" the result of the process of object, part and relation detection. 

Examples of interpretation of frames of action sequences are shown in Figure 1c, 1d.  

Methods for image interpretation 

In the course of this study, we have therefore developed a number of useful tools for 

image interpretation. These tools are briefly described in the list below and are 

described in detail in the Papers section and in Appendix A. 

 

1. Unsupervised Consistency Amplification (UCA) - an iterative unsupervised 

learning approach described in [Karlinsky et al., 2008a]. A motivating observation is 

that as the objects we want to classify become more complex, such as in the transition 

from rigid objects to articulated objects and to actions, the amount of supervision 

which can be obtained for these objects becomes more and more scarce, as the cost of 

human annotation (a.k.a. supervision) grows considerably due to the complexity 

increase. Moreover, even when supervision is supplied, it usually labels the entire 

configuration rather than the important components. For example, a usual practice is 

giving what is called 'weak supervision' to the visual learning system, in which the 

system knows that an image or a video contains an object of interest, but is left 

oblivious to the object location, pose or (in case of actions) temporal extent and 

composition. The UCA is therefore a learning methodology that can be used under 

unsupervised or insufficient supervision conditions. The method is capable of learning 

effective rigid object detectors from an unsupervised training set - unordered list of 
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images without object presence and location labels (meaning that the set has both 

images with and without objects of interest and the objects may appear anywhere on 

the image). The method can also be applied to multi-class or multi-subclass settings 

by extracting the classes of interest one by one. In terms of its applications to action 

recognition, UCA was shown to be capable of successful unsupervised learning of 

different hand poses (as sub-classes of the hand object), and also developed into a 

useful face detection and recognition tool [Karlinsky et al., 2008b]. We also believe 

that in the future UCA can also be used for unsupervised learning of objects that 

people interact with during actions, thus complementing the image interpretations 

with the ability to recognize the tools and the recipients of actions in the scene. Figure 

2 graphically illustrates the UCA approach. 
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(a) 

 
(b) 

Figure 2: (a) Schematic diagram of the UCA algorithm. The G-phase and the A-phase refer to specific 

parts of the algorithm, corresponding to unsupervised star model learning (to identify most consistent 

image sub-configurations) and to semantic feature learning respectively. These phases are iterated to 

improve the final result; (b) Example results of unsupervised object and part localization on two 

datasets (UIUC cars, flamingo). The yellow star is the detected model center location (see paper), color 

coded rectangles are examples of detected object parts (for each object several out of about 150 

modeled parts are shown). 
 

2. Unsupervised Feature Optimization (UFO) – unsupervised bottom-up feature 

selection, parameter optimization, and parts sub-configuration learning approach 
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described in [Karlinsky et al., 2009]. The UFO is an unsupervised learning approach, 

and thus shares with UCA the applications to image interpretation in the service of 

action recognition. In addition, UFO is a general method for unsupervised object-

specific feature selection, as opposed to more common non-object specific feature 

quantization techniques employed by most existing classification schemes for 

generating feature codebooks. In this sense it is also a useful tool that can be used in 

conjunction with existing classification techniques in order to improve their 

performance. In addition, UFO performs feature parameter optimization jointly with 

the feature selection. Optimizing the parameters of the features, such as detection 

thresholds or pairwise offsets, is an important aspect of feature selection. Separating 

parameter optimization from the feature selection (as in many contemporary object 

recognition systems) may reduce the system performance. We can view the UFO as a 

bottom-up unsupervised learning approach. It composes category models out of small 

features, as opposed to a more standard top-down approach which is fitting some 

model to the data, e.g., as was done in UCA. Figure 3 illustrates the UFO approach.  

 
Figure 3: An example of the application of the UFO method to cougar class from Caltech-101. 

 

3. The chains model – non-parametric model for detecting highly non-rigid and 

flexible object parts, such as detecting human hands, elbows or horse hooves, 

described in [Karlinsky et al., 2010a]. The same model was shown to be capable of 

complete object detection and of salient contour detection. As was shown in the 

paper, the method can generalize between different people and backgrounds and is 

capable of accurate detection without using any color or motion information. The core 

idea of the method is that parts that are difficult to detect on their own, become more 

easily detectable when considered in a context of surrounding parts. In the method, 

the context is used through an ensemble of feature chains that connect the easily 

detectable parts (such as the face) and the hard to detect flexible parts (such as the 
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hand). Both the easy to detect parts and the chain features form the context are 

necessary to detect the flexible parts. The approach comes with a simple and efficient 

method to perform inference over the ensemble of possible feature chains. Figure 4 

illustrates the method. Currently, our approach requires prior existence of the source 

part detectors (such as the face detector). In practice, these source part detectors can 

be discovered automatically by applying the unsupervised learning techniques, such 

as UCA or UFO. In fact, we have also shown that the chains model may work even 

without the existence of the source part and can be used as the source part detector 

itself [Karlinsky et al., 2010b]. 
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Figure 4: Illustration of the chains method. For details please see paper (Appendix D). (a) Chains 

model applied for part detection. The unobserved variable 
hL  is the location of the target part (e.g. 

hand). 
f

N

f
L ℓ=  is the observed location of the reference part (e.g. face) in image NI . The edges 

symbolize the chains ‘feature graph’ constructed over the set of observed features 
j

N

j
fF = . 

Unobserved variables T and M (affecting all the nodes) select a simple path T (red) of length M on the 

graph. Features not on this path are generated from their respective ‘world’ distributions. During 

inference we marginalize over T and M, summing over paths on the graph going from the reference 

part to each candidate location of the target part. (b) Chains model applied for full object detection as 

an extended star model. (c) Star model. Unobserved binary variables jA  (one per feature), control 

whether the feature is generated with respect to the star center or from its ‘world’ distribution. 

 
4. Human body parts interpretation technique – a variant of the articulated model 

for human body interpretation that employs perceptual grouping and local contextual 

segmentation techniques for detecting body parts, such as the face, torso and upper 

and lower arms. It is described in Appendix A. Figure 5 briefly illustrates the steps of 

the algorithm. An interesting extension of the proposed technique is to connect it to 

the chains model for the deformable parts detection. This can be achieved in two 

ways. The simpler way is to filter the generated limb interpretation hypotheses using 

hands / joints that can be efficiently detected by the chains model. The more 

interesting way is to use the limb hypotheses, generated either through perceptual 

grouping or through a local segmentation techniques, as features or parts involved in 

the chains model inference. Both these extensions might be interesting topics for 

future research in the direction of human body interpretation. 
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Figure 5: Illustration of the human body parts interpretation technique. For details please see Appendix 

A. (a) Face detection, tracking and acquisition; (b) Body acquisition; (c) Arms detection based on 

perceptual grouping. Alternative method of using acquisition by local segmentation to detect the arms 

is also described in Appendix A. 

Methods for action recognition and analysis 

In the course of this study we have developed two approaches for static and dynamic 

transitive action recognition. The static and dynamic approaches are described in 

detail in [Karlinsky et al., 2010b] and in Appendix B respectively and are briefly 

summarized below. 

1. An approach for identifying similar transitive actions in single images – 

described in [Karlinsky et al., 2010b]. The key idea is to use body anchored features, 

made available by accurate human body parts detection, in order to distinguish 

between similar actions given only a single image depicting the action. The ability to 

accurately detect the relevant parts is paramount in the presented approach. During 

training, this allows the automatic discovery and construction of implicit non-

parametric models for different important aspects of the actions, such as relevant 

objects, types of grasping, and hand-object and body part configurations. During 

testing, this allows the approach to extract distinctive features specifically from 

restricted image regions that contain the relevant information for recognizing the 

action. As a result, we eliminate the need to have a priori models for relevant objects, 

and become capable of learning from action labels only, without labeling of the body 

parts and relevant objects. Figure 6 illustrates the similar static transitive action 
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recognition task and the proposed approach. 
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Figure 6: (a) Examples of similar transitive actions identifiable by humans from single images 

(brushing teeth, talking on a cell phone and wearing glasses). (b) Illustration of a single run of the 

proposed two-stage approach. In the first stage the parts are detected in the face→hand→elbow order. 

In the second stage we apply both action learning and action recognition using the configuration of the 

detected parts and the features anchored to the hand region; the bar graph on the right shows relative 

log-posterior estimates for the different actions. (c) Graphical representation (in plate notation) of the 

proposed probabilistic model for action recognition (see section 2.2 in the paper for details). 

 

2. Dynamic action recognition through full human body interpretation – the 

approach is summarized in Appendix B. The key idea is to detect the body parts first 

and then to detect the “seeds” for the action events as changes in the background 

appearing following a visit from the relevant body part (e.g. hand in a pick-up/drop-

off action). These seeds are then propagated in time using tracking to detect both the 

action and the relevant object involved in it. Prior body parts interpretation allows to 

both recognize changes occurring following an activity of the relevant body parts and 

to disregard changes due to motion of the irrelevant body parts. Figure 7 shows 

several example frames from the automatically detected "pick-up" and subsequent 

"drop-off" events (no erroneous events where detected in tested video). 

 

 
          (a) 
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          (b) 
Figure 7: (a) Three consecutive frames of the detected "pick up" event; (b) Three consecutive frames of 

the "drop off" event occurring later in the sequence. 

Literature review – action recognition & human body 
interpretation 

In this section we will focus on the literature related to action recognition and human 

body interpretation. The review of the literature that concerns with unsupervised 

learning and face detection can be found in the respective papers provided in the 

Papers section. 

 

Extensive literature review on recent advances in action recognition can be found in 

[Kruger et al., 2007] and in [Karlinsky et al., 2010b]. Their taxonomy of action 

recognition approaches is shown in Figure 8. 

 
Figure 8: Taxonomy of action recognition approaches in [Kruger et al., 2007]. 

 

Our approach fits the "based on body parts" cell of this taxonomy. According to the 

survey, most other approaches that fit that cell can be categorized as follows. 

Approaches based on interpreting silhouettes obtained by a change detection 

mechanism. The 3D-model based body tracking approaches, where the recognition of 

(usually periodic) action is used as a loop-back to support pose estimation. 

Approaches based on motion capture systems. In contrast, in this study we approach 

the human (and object) parts detection problem independently of the action, in single 

images (without using change detection masks) and by a purely vision based 

techniques. In that sense, our approach is more related to the literature focusing purely 

on human body interpretation without concerning with action recognition, such as: 

pictorial structure based [Felzenszwalb & Huttenlocher, 2005; Ramanan, 2006; 

Ferrari et al., 2008; Buehler et al., 2008; Andriluka et al., 2009; Kumar et al., 2009], 

classifying segments to body parts [Mori et al., 2004], or performing a search in 

complex multi-dimensional parameter space of a very detailed human model [Balan et 

al., 2007]. 

 

Focusing on capability of detecting human body parts in still images requires our 

approach not to rely too strongly on temporal information comprising an important 
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backbone of many state-of-the-art methods. In [Ramanan et al., 2005] distinctive 

whole body poses are detected by rigid models and connected by tracking. Both [Sigal 

et al., 2004] and [Sigal and Black, 2006] employ tracking body parts via a spatio-

temporal probabilistic model, but require manual initialization and background 

subtraction (being usually the prerogative of methods relying on temporal 

information). Finally, [Ferrari et al., 2008] and [Buehler et al., 2008] build upon the 

ideas of [Ramanan et al., 2005], [Ramanan, 2006] and [Sigal and Black, 2006] to 

form a fully automatic body parts detector and tracker in movies (again strongly 

relying on temporal information). 

 

The human body can be roughly approximated by an articulated 3D model of 

connected cylinders. However, this approach has several drawbacks including 

difficulty of handling loose clothing and a large space of unknown parameters to 

estimate. To reduce the set of estimated parameters, it is a more common practice to 

use an articulated 2D model of the human body, comprised of a set of connected 

rectangles [Felzenszwalb & Huttenlocher, 2005; Ramanan, 2006; Ferrari et al., 2008; 

Buehler et al., 2008; Andriluka et al., 2009; Kumar et al., 2009]. One of the common 

problems of the 2D approach is with handling some of the body deformations that 

cannot be explained by 2D motion of the parts, such as foreshortening of the limbs 

during out-of-plane rotations. The human body interpretation approach proposed in 

Appendix A addresses this problem by explicitly allowing foreshortening of limbs 

inside the 2D articulated model. In addition, the chains model (described in 

[Karlinsky et al., 2010a]) does not require the human body deformation to be 

explainable by any 2D, 3D or any other parametric model, instead the observed 

deformation should contain feature chains that were partially observed during 

training. 

Methodology 

In this section we will discuss several aspects of the proposed methodology, namely: 

sequential modeling for the task of body parts interpretation and action recognition 

and interpretation. This methodology underlies all the published and unpublished 

results derived in this study that are presented in the Papers section and in the 

Appendices A and B. 

 

As shown in [Karlinsky et al., 2010b], standard classification methods are insufficient 

for the task of ‘visual verb phrase’ recognition. Instead we perform a sequence of 

several stages, which are useful for recognizing many different actions. The first step 

is body interpretation which includes detecting the people in the image, including 

their (relevant) body parts. For the case of dynamic images (a sequence of several 

consecutive movie frames), we also detect the objects participating in the action, 

including the detection of dynamic events, particularly related to the interaction of the 

hands and these objects. For the case of single (static) images, we detect the 

appropriate body configuration, and grasping type, or apply simple non-parametric 

models conditioned on the results of body parts interpretation (and hence using body 

anchored features) in order to recognize the action. We briefly describe below these 

stages and how they are put together for action recognition. We also discuss briefly 

the general notion of sequential interpretation.  

 

The problem of detecting human body parts in still images is a difficult one and was 

not yet fully solved. Quoting [Mori et al., 2004], "the problem of recovering human 
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body configurations in a general setting is arguably the most difficult recognition 

problem in computer vision". In this report we propose two approaches ([Karlinsky et 

al., 2010a] and Appendix A) to human body parts detection. Both approaches 

sequentially apply models for the source part (such as the face) and expand their 

detections to localize other parts (such as hands or limbs). The sequentiallity is a key 

aspect of our approach as it allows using arbitrarily complex models for part 

connections as well as for the part detection itself.  For instance, as is explained in 

more detail in Appendix A, we may use local "contextual" segmentation to detect 

amorphous parts such as torso and limbs, or represent part-to-part transitions using 

feature chains partially observed during training and efficiently recognized during 

testing [Karlinsky et al., 2010a]. In addition, sequential inference becomes necessary 

when modeling actions involving objects (e.g. transitive actions). Since the same 

action, like "picking up" may be performed with many types of objects, relevant 

objects cannot be modeled or identified a-priori, but only sequentially after the 

necessary parts of the person (such as a hand) have been detected.  

 

Our approach for human body parts detection is summarized in figure 9 and figure 10 

provides some taste of the obtained results. The details of the human body 

interpretation approaches are given in the Papers section and in Appendix A. In 

[Karlinsky et al., 2010b] and in Appendix B we propose the ways by which a 

successful human body interpretation might be used to do action recognition, 

describing both the proposed action recognition algorithms and their obtained results. 

 

 
Figure 9: The schematic illustration of the sequential approach for body parts detection. Some parts, 

such as face and hands are detected first, using a separate inference step, such as face detection by 

applying UCA or hand detection by applying the chains model [Karlinsky et al., 2010a]. The other, 

more ambiguous parts, such as arms and legs, are then detected with respect to the found locations of 

the separately detected parts (Appendix A). The same scheme then extends to the detection of action-

related objects and actions themselves in the context of the detected body parts ([Karlinsky et al., 

2010b] and Appendix B). 
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Figure 10: Some examples of frames from different tested datasets, on top the results of full body 

interpretation presented in Appendix A, at the bottom are results of the hand detection using the chains 

model described in [Karlinsky et al., 2010a]. 

Papers 

This section summarizes the research papers published in the course of this study and 

provides additional results not appearing in the papers (where applicable). 

Unsupervised Classification and Part Localization by Consistency 
Amplification (UCA) 

( Attached paper [Karlinsky et al., 2008a] ) 

 

The UCA algorithm can be applied for hand and hand pose detection. The hand is 

considered as a rigid object, with different hand poses as sub-classes of that object. 

This approach requires going over different orientations and scales to detect the hand 

(the UCA is only translation invariant). Figure 11 shows its performance on a hand 

detection task in a test dataset, and figure 12 shows its performance on the hand pose 

estimation task. 
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Figure 11: On the left examples of the hand images in the dataset, on the right ROC for the hand-vs.-

background classification task against Google backgrounds. 
 

  Fist Open Snake V Five Point 

Fist 1 0 0 0 0 0 

Open 0.2 0.8 0 0 0 0 

Snake 0 0 1 0 0 0 

V 0 0 0 1 0 0 

Five 0 0 0 0 1 0 

Point 0 0 0 0 0 1 

 

Figure 12: Confusion matrix for hand pose estimation task distinguishing between 6 different poses. 

The example poses are shown in figure 11 (on the left). 
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Combined model for detecting, localizing, interpreting and 
recognizing faces 

( Attached paper [Karlinsky et al., 2008b] ) 

 

 
(a) 

 
(b) 

Figure 13: Demonstrates the face detection & recognition results. (a) Shows some detection examples 

on two datasets, one collected by us (red box), and the MIT-CMU dataset (green box); (b) Shows some 

detection + recognition examples on a single person recognition task (see paper for more details). 
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Unsupervised Feature Optimization (UFO): simultaneous selection 
of multiple features with their detection parameters 

( Attached paper [Karlinsky et al., 2009] ) 

 

Figure 14 demonstrates that UFO can also be used for extracting the features of a 

foreground object in an image. In the corresponding experiment, the initial feature 

pool was comprised of the SIFT descriptors for 20x20 patches around all the Canny 

edge points in the image. Figure 14c shows some of the feature clusters obtained by 

the UFO when selecting and optimizing features from this pool. 

 
                         (a)                                                (b)                                                 (c) 

Figure 14: (a) Original images; (b) Initial feature pool, computed around a sub-sampled set of Canny 

edge points; (c) Color coded feature clusters obtained by the UFO. 

The chains model for detecting parts by their context 

( Attached paper [Karlinsky et al., 2010a] ) 

 

Figure 15 shows additional results of chains model for object detection (no source 

part) applied to the task of detecting large (40x40 pixel) hands. Figure 16 shows an 

illustration of the temporal chains model for dynamic object detection. 

 
                                   (a)                                                                    (b) 
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(c) 

Figure 15: Additional results on the task of large (40x40 pixels) hands detection using the chains model 

for object detection (without using the source part). Taken from an ongoing project with (lead by) 

Danny Harari and Nimrod Dorfman. (a) Precision-Recall on hand vs. background classification task; 

(b) ROC, EER=0.05; (c) Detection examples, the maxima are numbered from highest to lowest and the 

heat-map on top of the image shows the detection probability mask (red=high). 

 

 
Figure 16: chains for temporal object detection (taken from ongoing project with (lead by) Danny 

Harari). The figure shows a spatio-temporal chains model “feature graph” for car detection overlayed 

on three consecutive frames of the test sequence. 

Identifying similar transitive actions in single images 

( Attached paper [Karlinsky et al., 2010b] ) 

 

In addition to the static action datasets used in the experiments described in the paper, 

we have collected one more dataset containing 12 people performing 4 actions, two 

kinds of ‘drinking’ (with transparent and opaque glasses) and two kinds of ‘talking on 

the phone’ (with regular and cellular phones). Three sequences of each action were 

used to train the hand detector (sequences of different triplet of people were taken for 

each action), and the remaining 9 sequences (of each action) were used to test the 

action recognition. Thus, for this dataset, the static action recognition was tested on 

frames from 36 sequences of 12 people, each sequence consisting of approximately 

400 frames (the method was applied on each frame separately in a ‘person leave-one-

out’ fashion described in the [Karlinsky et al., 2010b] paper). The obtained average 
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accuracy was 91±10%. In addition, the set of body anchored features used in the 

approach can be either all the features surrounding the detected hand location, or a 

refined subset of features detected as more informative to the classification task. In 

our case, we have experimented with a simple likelihood ratio based feature selection 

criterion, in which top scoring features according to the ratio 

( ) ( )he

n

fh

n

m

n

he

n

fh

n

m

n ooaAfPooaAfP ,,,,,, ≠=  where chosen from each training image nI  

(see paper for notations and the details of the empirical probability computation). 

Following the feature selection the average accuracy of the method has improved to 

97.5±5%. Figure 17 provides a comparison with the state-of-the-art method for object 

detection of [Felzenszwalb et al., 2008] that is trained by using images displaying 

different actions as images having different object labels. 
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Figure 17: Comparison of our approach with state-of-the-art object detection approach by 

[Felzenszwalb et al., 2008] on the task of static object detection: drinking vs. talking on the phone. The 

red line is the ROC of our approach and the blue line is the ROC by [Felzenszwalb et al., 2008] (using 

their own implementation). Both methods were trained on the same set of examples of 11 people 

performing the actions and tested on the remaining 12
th

 person. Results for random two people are 

shown in the left and the right column graphs respectively. Each graph is labeled by the name of the 

action which is considered positive and the number of the person. 

Discussion - Sequential inference and sequential modeling 

As noted above, action recognition requires the recognition of multiple parts and their 

relationships. In this section we describe how the interpretation process can be 

naturally divided into a sequence of more elementary problems. 

 

Consider an example distribution: 

),,,(),,(),,,,( 3215432154321 XXXXXPXXXPXXXXXP ⋅=  

A standard inference question is computing the MAP – Maximum A-Posteriori 

assignment to the variables iX : ),,,,(maxarg 54321
,,,, 54321

XXXXXP
XXXXX

. However, in many 

cases, especially when dependencies between variables form undirected loops in the 

graphical representation of the distribution by the Bayesian Network (BN), this 

inference task is very difficult. A sequential approach to inference would be to 
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decompose the distribution to two or several parts and solve the inference problem 

sequentially, each time assuming that the results so far are fixed: 




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





 =
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)ˆ,(maxarg

),,(maxargˆ
),,(maxarg
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321
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XXXP

XXXPX
XXP …  

The intuition behind this kind of approach, especially applied to the problem of 

human body parts detection is that some parts are both significant and identifiable by 

themselves even without the context of human body. For instance, as illustrated in 

figure 18a, the hands, the boots and the face, although out of context, still appear as 

they are to the human observer and are not considered as noise. In contrast, some 

parts of the human body, like limbs or torso, are not only hard to detect without the 

context of the face and / or other separately detectable parts, but also can not be 

identified on their own by a human observer when seen out of this context (as 

illustrated in  figure 18b). 

 

           
                                    (a)                                                          (b) 
Figure 18: (a) Some parts of the human body are identified by human observers even without context 

(blue boxes); (b) Some other parts need context to be identified, and their structure may be too complex 

to be defined by a simple distribution. 

 

In addition to computation speed-up provided by the sequential approach, in some 

cases the model distribution itself is "effectively un-computable" without applying it. 

To illustrate this point, consider a simple model with two hidden variables: Face  and 

Body , each representing the data we want to extract about the respective body parts, 

like image location, outline and etc. In the most general case, the model is defined as: 

( ) ( )Image)FacefBodyPImage)fFacePImageBodyFaceP ,(|(|)|,( 21 ⋅=  

where 1f  and 2f  are two functions representing the computations necessary for 

extracting all the desired information about the Face  and the Body  respectively. 

Since the Image  is an observed variable, ( )Image)fFaceP (| 1  takes a classical form 

of feature based computation. The Image)f (1  are the features with respect to which 



 - 22 - 

the distribution of the Face  is defined. However, if the function Image)Facef ,(2  is 

too complex, such as in the case that the Body  is defined as an output of a 

segmentation process applied in a region below the detected face, it is effectively 

impossible to compute 2f  for every possible Face  value (such as required by 

standard message passing techniques, e.g. BP). Hence the only possible inference for 

this type of model is the sequential one. 

Summary 

Action recognition deals with image examples which often have some common 

‘semantic’ aspects, but are usually highly variable. This variability is so large that 

simple classification, which relies on similar arrangements of common parts, is 

insufficient. This was empirically validated in [Karlinsky et al., 2010b], where we 

have shown that a state-of-the-art object detection schemes perform poorly on the task 

of distinguishing between similar static transitive actions like phone talking, drinking 

from a cup, etc. Before we proceed to action recognition, we therefore need to achieve 

a full interpretation of relevant body parts, relevant objects, and their relations. In our 

sequential approach, we propose to start with a set of independently recognizable 

configurations of features and parts, and then expand the interpretation to other 

configurations, relevant objects and events. We do the expansion either by directly 

applying inference on a pre-computed set of possibilities or by intermediate steps of 

guided image processing. Using the sequential approach enables the action 

recognition scheme to obtain a high level semantic generalization. For example, 

seeing an action performed by one hand we can immediately generalize to performing 

the action using the other hand (e.g. using body anchored features from [Karlinsky et 

al., 2010b]), although visually the two ways to perform the action are very dissimilar.  

 

The chains model developed in [Karlinsky et al., 2010a] can be extended to provide a 

framework for the sequential approach. Currently the chains model uses sequences of 

observed features (small probabilistically detectable elements of the internal context 

of the object) to connect known parts of the object to the parts being detected. As 

indicated in [Karlinsky et al., 2010a], the future versions of the same model may 

include: (1) unobserved variables along the chains indicating ‘helper’ parts that will 

allow sharing of training information between partially similar feature chains; (2) a 

hierarchy of chains that will represent an increasingly general concepts as we go up in 

the hierarchy, e.g. small rectangular image patch features � rigid sub-parts (e.g. 

lower arm, upper arm) � deformable parts (e.g. an arm) � deformable object (e.g. a 

person) or a static action (configuration of parts and relevant objects [Karlinsky et al., 

2010b]) � a scene or a group of objects and actions comprising the image (e.g. an 

office scene); (3) dynamic chains that link a temporal sequence of images and 

dynamical events (that can again be organized in a hierarchy of increasingly general 

action or activity related concepts). The proposed extensions provide a principled way 

of implementing a sequential approach based scheme and integrating the different 

semantic levels of object, scene, action and activity interpretation within a single 

unified framework. 

  

In the course of this work several useful learning and interpretation tools were 

developed. Those include algorithms for top-down (UCA) and bottom-up (UFO) 

unsupervised learning and feature parameter optimization, the chains model for non-

parametric detection of highly deformable parts of non-rigid objects (such as a human 
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hand), and a novel variant of the human full body interpretation algorithm. We have 

also shown that these tools provide the interpretation basis necessary for subsequent 

successful static and dynamic action recognition. We believe that many exciting 

future object and action recognition applications may benefit from using these tools. 

Figure 19 schematically illustrates (by example) a sequential scheme in which all the 

developed tools may be integrated in order to form a sequential scheme for weakly 

supervised action learning and recognition including the automatic identification of 

objects and parts relevant for the action. 

• Learning

• Inference

Face ( UCA / chains ) Chains UCA + UFO UCA + UFO

Detected action

recipient

Input

Input Face ( UCA / chains ) Chains Chains + UFO Chains

 
Figure 19: an illustration by example (cricket) outlining a weakly supervised sequential action learning 

and recognition scheme that uses the different approaches developed in the course of this study. The 

input to the computation does not provide any details regarding the features / objects / events that are 

important to the action, and hence sequential training steps are applied to discover them automatically. 

At each training stage the results of the learning (red boxes) are obtained using the results of the 

previous stage (blue boxes). Using previous stage results also restricts the candidate search space (cyan 

boxes) in which we need to look for the objects and parts that are relevant for the current stage. At the 

first two stages the face and the hand are detected, using the UCA based (for faces) and chains model 

based schemes (for hands or faces). Subsequently, two successive unsupervised learning stages are 

applied to detect the tool (cricket bat) and the action recipient (the ball) categories using the developed 

unsupervised learning techniques UCA and UFO. During inference the sequential approach can be 

implemented by using the chains model based framework described in the text above.  

 

In addition, several ongoing research projects suggest that the chains model is not 

only a useful tool for both deformable parts and objects recognition, but can also be 

applied for salient contour detection and dynamic object recognition (recognition of 

objects in a temporal sequence of video frames). The chains model inference 

algorithm involves two simple computations: finding approximate nearest neighbors 

and a few matrix multiplications. These simple computations are sufficient to perform 

a range of complex visual tasks indicated above. It is plausible that these 

computations may also be implemented in the brain. This suggests that another 

interesting future research direction regarding the chains model may be to look for its 

neural correlates. 
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Appendix A: human body parts interpretation using a 
cardboard model and local contextual segmentation 

Body Parts detection algorithm 

1. Face detection – the first step is to extract candidate regions for a face in the 

image. To this end one might use any of the self face detector, for instance we use 

Viola & Jones (V&J) face detector [Viola & Jones, 2001] (because of its high 

speed and need to process large amounts of video data). Since it is necessary to 

detect the face reliably and under different viewing angles, we can also use the 

algorithm and methodology we developed in a companion project dealing with 

unsupervised classification. The name of the project is Unsupervised Consistency 

Amplification (UCA) and its details are explained in Appendix A. Figure A.1a 

gives an example of V&J output. 

2. Face detection filtering and completion – since V&J detections tend to be noisy 

and miss some of the faces in some of the frames (especially when dealing with 

small faces) a filtering and completion step is necessary to get rid of the 

misdetections. We currently perform this filtering using temporal smoothness 

information by applying KLT tracking [Lucas & Kanade, 1981]. This is the only 

place in our current implementation that uses temporal information (other then 

this all processing is applied to individual frames). The usage of temporal 

information can (and will) be easily circumvented if a more reliable (albeit 

slower) face detector is used, and that's where UCA will come in near future. The 

filtering step is illustrated in figure A.1b. 

3. Refining filtered face detections, extracting scale – even after the face detections 

are filtered and only the correct detections remain. The detection bounding boxes 

do not appear tight around the face region and provide only a very rough guess on 

the real scale of the face.  

 

                         
  (a)       (c) 

 
             (b) 
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Figure A.1: (a) Sample output from V&J face detector; (b) Illustration of the face detections filtering 

process using tracking; (c) Sample output of the local contextual segmentation of the face region. 
 

Since, in our sequential processing, we are very interested in the scale and 

accurate position of the face (as it provides a strong prior for subsequent 

computations); we apply a process of Local "Contextual" Segmentation (LCS) 

that is explained in a sub-section below. The LCS is initialized with the ROI of the 

detection and produces accurate mask of the face region from which a scale 

estimate for the human figure is extracted. Example of LCS output is depicted in 

figure A.1c. 

4. Torso detection – applying the sequential paradigm, following the face detection 

and refinement, the torso of the person is detected by an LCS process initialized in 

a region of size and location proposed by the face. The output of the LCS is an 

accurate estimate of the torso region. An illustration and output example of the 

body detection stage is given in figure A.2. 

5. Limb termination detection – the next step in the sequential body parts detection 

process is detecting the limb terminations (hands, boots, etc.). The hands detection 

can be done either in the "weak sense" by computing skin color masks or in a 

"strong sense by applying either the chains method for hand detection or the UCA 

trained classifier for hand and hand pose detection. Example outputs of skin color 

based and the UCA based techniques are shown in figure A.3. Multiple examples 

of hand detection using the chains model can be found in [Karlinsky et al., 2010a]. 

The skin color models use both a skin prior from [Shor  & Kiryati , 2001] and 

local skin color model computed from the face mask computed as above. 

 

 
                                 (a)                                                                    (b) 
Figure A.2: (a) Initialization of the LCS process of the torso detection provided by the face; (b) Sample 

output of the LCS with accurate torso estimate. 
 

 

Proposition Acquisition 
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          (a)               (b) 
Figure A.3: (a) Output of a skin color detector; (b) Output of a UCA classifier for hands and hand 

poses. 
 

6. Limb detection – our current implementation has two options for limb detection, 

namely boundary based and LCS based, following the steps described above. An 

interesting topic for future research is unifying these two options into a single 

approach exploiting the benefits of both. The conceptual difference between the 

options is that boundary based option directly applies inference on a set of edge 

segments pre-computed once for the whole image, while the LCS based option 

has an intervening stage of additional ‘image processing’ (in this case LCS), 

applied prior to the inference (which could not be applied a-priori without 

guidance obtained from the output of the previous stages of the algorithm). 

 

 
              (a) 
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(b) 

Figure A.4: (a) Illustration of the boundary based option for limb detection; (b) Examples of LCS based 

option output. 

 

a. Edge / Boundary based option is detecting "trains" of parallel edge segment 

pairs, connecting the estimated joint locations on the torso and the detected 

hand (or boot) candidates. The relative scale of the limbs is known from scale 

estimates based on already detected parts, which greatly reduces the search 

space further exploiting the sequential paradigm. Following the extraction of 

these limb hypotheses based on parallel edge segments, hypothesis filtering is 

applied. In the simplest version this filtering is just sorting based on a product 

of several simple features, such as: joint distance, edge coverage of the 

hypothesis and visual appearance similarity between respective limbs 

(assuming symmetry, arms and their upper and lower parts should have similar 

texture, as well as legs). The appearance similarity is measured by computing 

the probability of composing one arm's appearance from the other and vice 

versa. The appearance distribution is modeled by Parzen windows a-

parametric approach which is applied following quantization of the image 

colors to several bins (we use 100 bins) and computing a histogram of clusters 

over the respective image region: 

( )( )2

22

121 /5.0explog)|(log HDHHHP
t ⋅⋅−⋅∝ σ  

where 1H  is a histogram of left arm part and 2H  is the histogram of the 

respective part on the right arm. The sample results of the edge/boundary 

based option is illustrated on figure A.4a. 

b. Local Contextual Segmentation based option is applying the LCS processes to 

connect between the estimated joint locations on the torso and the detected 

limb termination candidates. The most basic implementation of this approach 

is assuming that the arm is composed from sleeve on one end and skin color 

on the other end, both giving reasonable estimates for the size and orientation 

of the respective upper and lower arm parts. Then LCS processes are 

initialized in the respective ROIs to do the connection. The sleeve is detected 

by expanding the torso mask with LCS assuming it has similar texture to that 

of the torso. Examples of applying the LCS based option are shown in figure 

A.4b. 

 

Any probabilistic detection scheme may err in the ranking of its outputs. For example 

the correct detection may appear not being the most probable one according to the 

model (e.g. several of nice detections in examples proposed by [Mori et al., 2004] are 

not ranked first in their "short-list"). In such cases a nice observation, exploited both 

in [Ramanan, 2006] and in the UCA method [Karlinsky et al., 2008a], is that one may 

use the posterior of this ranking to learn additional information about objects and 
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parts being detected that may be used in subsequent application of the same method 

(this time empowered by the additional information) to produce better result. 

Naturally, the better the posterior the better results may be expected. As our method 

has quite accurate results in many cases even without employing this technique (as 

illustrated above), it is reasonable to assume its posterior estimates will be quite 

accurate. Consequently, we feel that integrating these ideas into the method above can 

make it even more accurate. 

 

Currently, the "limb detection by parallel segment hypotheses" option of the body part 

detection algorithm provides many possible limb hypotheses that need to be filtered to 

detect the correct ones. The proposed basic filtering method does not provide 

sufficiently robust results. Nevertheless, checking against manually labeled ground 

truth on 300 frames of one of the videos, 97% of the frames had a correct limb 

candidate option among the hypotheses. One possible way around this issue is using a 

classifier for filtering correct hypotheses from incorrect ones. Preliminary results with 

a 90 feature SVM classifier trained for this task show that <2% EER performance is 

possible and also show acceptable ranking of the hypotheses (the first is almost 

always the correct one). However, further tests and experiments are needed to 

properly investigate this point. 

Local Contextual Segmentation (LCS) 

As commented above, between successive stages in the sequential interpretation 

scheme there may be an intervening stage of guided image process strongly relying on 

the output of the previous stages. The LCS is an example of a useful process of this 

type. The LCS is an iterative local process performing foreground / background 

segmentation to compute a mask for the object or part of interest. The process of LCS 

and assumptions employed are explained below. 

 

      
 (a)               (b)   (c) 

     
 (d)           (e) 
Figure A.5: (a-d) Illustration of different LCS steps, red – current ROI, purple – foreground texture 

training set, blue – background texture training set; (e) Examples of LCS output for hand and hand-

with-glass local segmentation. 

 

1. Assume a region of interest with a foreground object we wish to segment 

occupying the central area (but not necessarily entirely inside the original ROI), 

figure A.5a. 

2. Hypothesize external and internal regions for the object of interest and 

approximate background and foreground distributions: (optimized) Parzen 
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window model of pixels / patches / general descriptors, figure A.5b. The Parzen 

distributions are computed over histograms of cluster similarity computed for the 

respective ROIs. The clusters themselves are pre-computed from one or several 

frames of the video using k-means clustering. 

3. Apply the graph-cut segmentation [Boykov et al., 2001] with association term 

provided by the likelihood to be generated by either of the distributions and edges 

weighted by the gradient strength, figure A.5c. 

4. Iterate the process, figure A.5d. 

Appendix B: Using body interpretation for dynamic action 
recognition 

After the body parts have been detected, we can use them to extend the interpretation 

to objects that the person interacts with. For example, we would like to detect some 

basic ‘events’, such as whether the hand holds some object or not, or whether an 

object was added/deleted in a region visited by the hand. These types of hand-object 

interaction events can be seen as basic building blocks for many different types of 

actions. In this case we use temporal information. Below is a description of the 

algorithm we use in order to (sequentially) identify dynamic hand-object interaction 

events in a video. The algorithm is fairly simple due to the constraints imposed by 

already detected body parts. 

 

Algorithm outline: 

– Apply the body parts detection algorithm (described in Appendix A) to detect 

body parts masks in every frame. 

– Break the frame into cells of fixed size (they may be overlapping). We use 40x40 

size cells. 

– For each cell record its state (pixels / descriptor) before being visited by the hand 

and after it left. 

– Detect changes by adaptive differencing (ignore changes due to other body parts). 

The difference of two cells 1C  and 2C  is computed as: noiseSTDtCC ⋅>− 121  

where the noise model noiseSTD  is computed by an iterative process performing n  

iterations of throwing away (from the computation) pixels with 

( )21221 CCSTDtCC −⋅>− . The parameters n , 1t  and 2t  are all set to 5 in our 

experiments. 

– Track change masks to verify proper hand contact and provide improved 

annotation of the event that includes the relevant object mask in all frames of 

interest. We use “local segmentation tracker” that applies LCS process (described 

in Appendix A) initially on the detected change mask and later on every frame of 

interest when the initial appearance model and the ROI for the LCS is determined 

by the previous frame. 

 

Sample results of the above approach for detecting object pick-up and drop-off 

actions are shown in figure 7. 
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Abstract. We present a novel method for unsupervised classification,
including the discovery of a new category and precise object and part
localization. Given a set of unlabelled images, some of which contain an
object of an unknown category, with unknown location and unknown size
relative to the background, the method automatically identifies the im-
ages that contain the objects, localizes them and their parts, and reliably
learns their appearance and geometry for subsequent classification. Cur-
rent unsupervised methods construct classifiers based on a fixed set of
initial features. Instead, we propose a new approach which iteratively ex-
tracts new features and re-learns the induced classifier, improving class
vs. non-class separation at each iteration. We develop two main tools
that allow this iterative combined search. The first is a novel star-like
model capable of learning a geometric class representation in the unsu-
pervised setting. The second is learning of ”part specific features” that
are optimized for parts detection, and which optimally combine differ-
ent part appearances discovered in the training examples. These novel
aspects lead to precise part localization and to improvement in overall
classification performance compared with previous methods. We applied
our method to multiple object classes from Caltech-101, UIUC and a
sub-classification problem from PASCAL. The obtained results are com-
parable to state-of-the-art supervised classification techniques and su-
perior to state-of-the-art unsupervised approaches previously applied to
the same image sets.

1 Introduction

The goal of this paper is unsupervised classification, including discovery of a new
category, learning a model of geometric arrangement of object parts and their
appearance, and obtaining object and part localization, from a set of unlabeled
images, which contains non-class images mixed with some unknown (usually
small) percent of class images. The class instances may be uncropped, unaligned
and of small size relative to the background.

The problem of unsupervised object classification has gained considerable re-
cent interest [1–12], however, this task is still far from being completely solved.
In this study we present a novel methodology to approach the problem. A com-
mon approach is to start from some limited, manageable set of initial features
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Fig. 1. Illustration of the feature re-extraction approach. (a) In the initial feature
space (x-y) it is difficult to separate class (blue crosses) and non class (green circles)
examples. In this feature space, the best separating hyperplane (which the unsupervised
classification seeks to determine) is marked by the dashed line. Instead, our method
identifies a subset of sure class examples separated from the rest (red solid line). (b)
Using these examples, the method extracts a new feature set (z-w), in which a larger
set of class examples can be identified. The process then continues iteratively. Each
iteration uses new features, rather than previous features (or their combinations).

F , for example, a set of local descriptors extracted around image interest points
or clusters extracted from such descriptors [1, 2, 11–16, 5–9]. The set of features
can be optimized by selecting a subset of the most useful features F1 ⊂ F ,
or sometimes combinations of features in F1 are used as new features [2, 8, 14].
However, there is no guarantee that the choice of initial features will in general
be sufficient for complete separation. In contrast, we approach the problem as a
combined iterative search for features and a classifier. We do not use the initial
feature set to obtain the final class separation, but only for identifying a subset
of sure class examples which can be reliably separated from the rest (Fig. 1a).
This goal is achieved by unsupervised training of a classifier that combines both
appearance and part-geometry information. The extracted class examples are
used to guide the subsequent extraction of new features, which were not a part
of the initial feature set. It is not a-priori clear that this iterative approach will
continue to improve classification: if the intermediate classification results are
partly incorrect, their use could lead the process astray and cause deteriorating
performance. In this work, we demonstrate that in the proposed algorithm, the
constructed features become more class-specific as the computation evolves, and
the class vs. non-class separation continuously improves (Fig. 1b), reaching a
final high level of performance even compared with recent supervised methods.

We develop two main tools that allow the iterative combined search. One is
the incremental discovery of part specific features, which combine different part
appearances discovered in the training examples. The other is a novel star-like
class-geometry model of object parts, which differs from the similar past models
[3–5, 15–17, 13] and which can be learned efficiently without supervision in very
noisy conditions. These two aspects are described briefly below, and explained
in more detail in Sections 2.1 and 2.2.
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Fig. 2. (a) Example results of unsupervised object and part localization on two datasets
(UIUC cars, flamingo). The yellow star is the detected model center location (see text),
color coded rectangles are examples of detected object parts (for each object several out
of about 150 modeled parts are shown). (b) Schematic diagram of the UCA algorithm.

Feature learning: most unsupervised approaches [1, 2, 5–9, 11, 12], including
ours, start from some generic set of features F . During learning, when a partic-
ular class is considered, the approaches select a subset F1 ⊂ F of so-called Class
Specific Features (CSF), which coincide better with the class compared with the
background or other classes. In contrast, our method extracts and learns a new
set of features, termed Part Specific Features (PSF). The PSF are optimized to
have higher detection scores at specific locations on the class objects, and at the
same time to have lower scores at incorrect locations on the same objects and in
non-object detections. Different part specific features have been used successfully
in a number of supervised approaches, such as k-fan [17] and semantic hierarchy
[18], and were shown to be useful for both object and part localization. Con-
structing such features in an unsupervised manner is challenging; our method
is the first unsupervised method that learns and uses such features, resulting in
improved object and part detection and localization.
Geometry learning: Past supervised and unsupervised classification methods
can be categorized by their modeling of object geometry. In bag-of-feature meth-
ods [2, 9], geometry is ignored. Methods, such as [2, 8, 1, 14], extend the bag-of
feature approach by using feature combinations. In [3–5, 11, 13, 15–17] object
geometry is modeled by the spatial distribution of each feature in the object
reference frame. A geometric part model is useful for classification, but it is
challenging to construct such a model in an unsupervised setting. Most previ-
ous unsupervised methods therefore do not use a full geometric model [2, 6–9,
11, 12]. Our method uses star-like geometry. It has several differences compared
with similar past models. The method is not restricted by a small number of
parts as in [3, 4], unlike [13, 15–17] it does not require any supervision, unlike [3,
5, 15, 11] it models distribution of feature locations on the background, unlike
[5, 12] it does not rely on non-geometric pLSA [2] for internal supervision, and
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unlike [10, 6, 7], it is not based on prior image segmentation. These differences
are explained in more detail in Sections 2 and 2.1.

In terms of class vs. background classification performance, our method out-
performs the state-of-the-art unsupervised methods [2, 5, 7, 10–12] on 18 classes
from the Caltech 101, Weizmann horses and UIUC cars datasets. Surprisingly,
the method is also comparable in performance to existing state-of-the-art super-
vised (and weakly supervised) methods applied to the same datasets. We further
demonstrate how our method can be used to separate different object views on
the cars class from the PASCAL challenge 2007 dataset. As the method achieves
precise object and part localization, it provides a basis for top-down segmenta-
tion, as illustrated in supplementary material.

The rest of the paper is organized as follows. Section 2 presents an overview
followed by a detailed description of each of the method stages. Section 3 presents
results obtained on various datasets, together with an analysis and comparison
with previously reported results. Conclusions are discussed in Section 4.

2 The Consistency Amplification Method

Our approach alternates between model learning and data partitioning. Given
an image set S, an initial model (learned using initial features) is used to induce
an initial partitioning by identifying highly likely class members. The initial par-
titioning is then used to improve both the appearance and geometrical aspects
of the model, and the process is iterated. In this manner the process exploits
intermediate classification results at a given stage to guide the next stage. Each
stage leads to an improved consistency between the detected features and the
model, which is why the process is termed Unsupervised Consistency Amplifi-
cation (UCA). Each UCA iteration consists of two phases of learning: the fea-
ture learning Appearance-phase (A-phase) followed by the part model learning
Geometry-phase (G-phase), explained in detail in sections 2.2 and 2.1 respec-
tively. The approach and the order of the phases are summarized in Fig. 2b.
Initial Appearance-phase: In all our experiments, we use a generic codebook
of SIFT descriptors of 40×40 patches for the initial (appearance) features. This
codebook, denoted by F0, is computed by a standard technique [19] from all the
images in given set S. The codebook descriptors are compared to the descriptors
at all points of all the images in S and storing the points of maximal similarity
(either one or several, see below) in each image.
Geometry-phase: The detection of parts using the generic features is usually
noisy, due to detections in non-class images, and at some incorrect locations in
the class images. The goal of the geometric part model learning is to distinguish
between the correct and incorrect detections, based on consistent geometric re-
lations between features. This is accomplished by the G-phase of the algorithm,
which is also used for the selection of the most useful features and the automatic
assignment of each of their detections in every image in S to either object or
background model. In contrast with [3–5, 15, 11] that use uniform distribution of
features on the background, we model the background by a distribution of the
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same family as the class object distribution, which allows to prevent the spurious
geometric background consistency from being accounted for by the learned class
model. In our experiments we found that modeling the background distribution
is better than assuming uniformity with mean performance gain of 12±7% EER
in the first iteration of the UCA that uses initial generic appearance features.
The learned background model is then discarded after the learning and is not
used for classifying new images. Thus, the model used in the G-phase is a mixture
of two stars, one for object and the other for background. It is learned without
supervision from all the images in S using a novel graphical model formulation
explained in detail in Section 2.1. After the geometric structure has been learned,
a subset H ⊂ S of images which contain class objects with high confidence is
selected. In these images the object centers and parts are localized. Unlike [5, 12]
that learn the geometric constraints using only a set of objects identified by the
non-geometric pLSA [2], our method identifies and localizes objects, and learns
their part geometry, jointly and explicitly from the entire data.
Appearance-phase: Each part-specific feature constructed in the A-phase rep-
resents an object part by extracting several typical appearance patches of the
part, from different images. Part-patches can be extracted, because the loca-
tions of the parts in the images of the subset H are already estimated from the
previous G-phase. An optimal subset of these part patches is learned by a dis-
criminative model described in section 2.2. The set of all part specific features
extracted during the A-phase is denoted by F .
Computing the output: After the G-phase at each iteration, the learned model
is applied to produce classification, as well as object and part localization results
for either the given dataset or an unseen test set. This is done without introduc-
ing any supervision to the system. The way we apply the learned model to test
images is described in detail in section 2.3.

2.1 The Geometry Phase

We first describe the G-phase model, and then explain how it is learned from
the data. The main goal of the G-phase is to identify the most likely locations
of objects and their parts in all images of the given set S and to estimate a
subset H ⊂ S of images which contain class objects with high confidence. The
G-phase models the data by a generative probabilistic graphical model depicted
in Fig. 3a. Let the image set S have N unlabelled images: S = {I1, I2, . . . IN}
and the current feature set F consist of M features: F = {F1, F2, . . . FM}. In
the G-phase of the first UCA iteration these features are a codebook of generic
SIFT descriptors F0, and in the following UCA iterations these are the learned
PSFs. During the G-phase each feature is associated with an object part or the
background. Denote the detected location of feature Fm in image In by Xn

m (the
G-phase uses a single (maximal) detected location per feature in each image, see
extension below.) The G-phase model independently generates observed samples:
Data = { (Fm, In, Xn

m) |1 ≤ n ≤ N, 1 ≤ m ≤ M } The probability of observing
a specific image Pr(I = In) is taken to be uniform. The overall observed data
likelihood under the G-phase model can be written as:



6 Leonid Karlinsky, Michael Dinerstein, Dan Levi and Shimon Ullman

Pr(Data) ∝
N∏

n=1

M∏
m=1

2∑
Cn

m=1

∫
Ln

m

Pr(Cn
m |In ) Pr(F = Fm |Cn

m )

Pr(Ln
m |In, Cn

m ) Pr(LF = Xn
m |Fm, Cn

m, Ln
m )dLn

m

(1)

The meaning of the product inside the integral in eq. 1 is that each data sample
(Fm, In, Xn

m) observed in image In for the feature Fm is independently generated
as follows. First, the latent discrete binary ”class” variable Cn

m is drawn with
probability Pr(Cn

m = k |In ) = αn
k , independent of the feature Fm. Cn

m = 1
means that In contains a class object and Fm is generated from the class model.
Cn

m = 2 means that Fm is generated from the background model, because either
In does not contain an object or Fm was not detected consistently with the class
model. After learning, the value αn

k is the likelihood of class k (either object
or background) in image In. Next, the latent location variable Ln

m is drawn
from a Gaussian distribution Pr(Ln

m |In, Cn
m = k ) = N(µn

k , Σn
k ). Ln

m represents
the image position of the center of the star model (chosen by Cn

m ), which
generates the feature Fm in image In. Note that for every feature detected in
image In that has chosen the class k, there is a separate variable Ln

m, but all of
these variables are generated from the same distribution specific to In. Next, the
observed feature variable F draws its value Fm from the distribution Pr(F =
Fm |Cn

m = k) = βm
k which depends on the chosen class k, but is independent

of the image In. After learning, the value βm
k is the likelihood of feature Fm to

be consistent with the geometric model of class k. Finally, the observed feature
location variable LF draws its value Xn

m from a linear Gaussian distribution
Pr(LF = Xn

m |Fm, Cn
m = k, Ln

m ) = N(Ln
m + ρm

k , Λm
k ). This distribution models

the uncertainty of the offset ρm
k of the feature Fm from the Ln

m - center of the
star model chosen by Cn

m. It is specific to the feature Fm and the chosen class k
and is independent of the specific image In.

To summarize, the parameters of the model are α, β, µ, Σ, ρ and Λ, all
of them are learned by soft EM as described further below. A schematic draw-
ing illustrating the data generation process and the meaning of the main model
parameters is shown in Fig. 3b. The model uses a star-like geometry, but an im-
portant difference between the current model and past star model formulations
is worth noting. In contrast with [17, 16, 15], that have a single reference point
or k-fan per image, in our model there exists a separate reference point (cen-
ter) random variable for each part, drawn, however, from the same distribution
specific to the given image. This allows the features detected in the same image
to be updated individually: features assigned to the class update the class star
and features assigned to the background update the background star, both the
assignments and the updates are soft. Although it may sound technical, it has
fundamental importance, since, as we saw in our experiments, in different class
images, different subsets of features are geometrically consistent with the object
model. It is interesting to note that the transition from the standard star-model
to our version is entirely analogous to the transition from Naive Bayes (NB) to
pLSA. In the NB there is only a single class node generating the entire feature
vector of an image, while in pLSA each feature has a separate topic node gener-
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Fig. 3. The probabilistic models used by UCA. Shaded ellipses are observed variables,
unfilled are hidden (latent). (a) Graphical representation of the G-phase generative
model. (b) Generating the object and background. The object model illustrated in red,
the background in green. Each generates centers, denoted by F (star) and features
denoted by N (triangle). The ellipses denote the uncertainty in position. Xn

m denotes
the detected location of feature Fm. Every feature Fm detected on the object is gener-
ated using its own star center point Ln

m, but all these Ln
m are generated from the same

distribution N(µn
1 , Σn

1 ) specific to the image. As illustrated, the learned object distri-
butions are tighter than the background distributions. (c) Graphical representation of
the “Continuous Noisy OR” discriminative model.

ated from an image specific distribution. The pLSA is more flexible than NB and
was found useful for unsupervised classification [2, 9]. Similarly we found that
the modified star is useful in modeling feature geometry in the unsupervised
setting.
Learning: The model is learned from the data using the soft EM algorithm. The
EM update equations are provided in the supplementary material. As mentioned
above, the data samples fitted by our model are of the form (Fm, In, Xn

m). In
order to incorporate the features’ detection scores into the learning process, we
weight each sample by its score. Namely, the sample (Fm, In, Xn

m) is weighted by
Rn

m - the similarity of Fm with In at location Xn
m. The parameters of the model:

α, β, µ, ρ and Λ, are initialized at random and EM is run until convergence.
In order to have the object model learned with respect to Cn

m = 1, in all our
experiments, we initialize |Σn

1 | << |Σn
2 | for every n. During EM iterations, this

initialization causes the object feature detections to tend to update the Cn
m = 1

model, since they usually appear in more tight and repeatable configurations (i.e.
fit a star with smaller center uncertainty Σn

1 ). At the same time, background
feature detections, that are usually loosely scattered all over the image, will tend
to coincide with the Cn

m = 2 model. This method of the initialization of all the
parameters (including Σ) was identical throughout all our experiments.
Identifying the set of high-likelihood images: After the EM converges, the
value of αn

1 (the image probabilities to belong to the class) shows a strong sep-
aration between a subset of class images and all the non-class images, see figure
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6a. As a result, by the end of G-phase it becomes possible to identify a subset of
high-likelihood class candidate images H. In all our experiments, we marked an
image In as high likelihood class candidate if αn

1 > η ·max
n

(αn
1 ), where η = 0.85

was chosen empirically and used throughout all the experiments. Examples of
objects automatically identified and localized by the G-phase of the first UCA
iteration are shown in Fig. 6b. These are examples of the first G-phase output,
obtained using the initial generic features. As can be seen, the localized object
model centers appear at similar locations within the object in the different im-
ages. In the A-phase, these points are used to extract stacks of corresponding
fragments, which are used to construct the part specific features - the CNOR
part-detectors, as explained in the next section.

2.2 The Appearance Phase

In the G-phase we learned the position of each part relative to the object model
center, and detected this center in the images belonging to H. We localize each
part in these images by assuming it is located at the learned relative position ρm

1

from the center located at µn
1 . In the A-phase we learn for each part a detector

trained to distinguish image patches in correct part locations from patches in
incorrect ones. The detector is trained using the detected part locations as pos-
itive examples and all other locations on the images of H as negative examples.
The constructed part detectors form the new feature set F for the G-phase of
subsequent UCA iteration. We next describe the novel probabilistic discrimina-
tive model used by the part detector, the Continuous Noisy OR (CNOR), and
how this model is trained.

For each part m, corresponding to Fm above, we extract a set of appearances
in the following way. In each class candidate image In ∈ H, we take the 40x40
image patch at position µn

1 + ρm
1 , where µn

1 is the location of the learned object
center in In and ρm

1 is the learned offset of part m from the object center. The
accumulated set of image patches is the candidate set of part appearances: Am =
{Zm

1 , . . . , Zm
T }. The next step is to select a subset of appearance representatives

Rm ⊆ Am, and learn to optimally combine their detection evidence in order
to reliably detect the object part. Both tasks are achieved simultaneously by
training the CNOR model, depicted in Fig.3c. Let P be an arbitrary image
patch taken from an arbitrary location L in a new image. The binary variable
OP is set to OP = 1 iff L and P are the location and appearance of part m
respectively. The probability of OP is discriminatively modeled as:

Pr(OP |V ;Θ) =
∑

Y

Pr(O|Y ) ·
T∏

t=1

Pr(Yt|Vt; θt, Rm) (2)

The Θ = {Rm, θ1, . . . , θT } are the learned parameters of the model. V = {Vt},
where Vt is the output of a continuous SIFT similarity measure between P and
Zt ∈ Am. Note that we do not explicitly model Pr(V ), which can be a complex
distribution. Y = {Yt}, where Yt is a latent binary variable representing the
detection of appearance Zt with:
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Fig. 4. (I) Example of a CNOR part detector. (a) Selected representative appearances.
(b) Cumulative histograms of detections within 15px from ground truth location rela-
tive to the number of detection score local maxima used. (II) Evaluation of object and
part localizations obtained by the UCA method showing a distribution of localization
error in pixels relative to manually marked ground truth. 10px is less then 7% of object
size in all the sets in the figure. (c) Object localization, 100% = number of class images.
(d) Part localization on UIUC cars, each part was detected in about 95% of objects.
In the graph 100% = number of part detections.

Pr(Yt = 1|Vt; θt, Rm) =
{ 1

1+e−αt(Vt−τt)
Zt ∈ Rm

0 Zt ∈ Am\Rm
(3)

Here θt = {τt, αt} are the parameters of the sigmoid in 3. Yt = 1 becomes likely if
patch P exceeds a similarity threshold τt with the representative patch Zt ∈ Rm,
with αt representing the uncertainty of τt. If Zt ∈ Am\Rm (meaning Zt is not
a chosen representative) then Vt and Yt have no effect on Pr(OP |V ;Θ). Finally,
Pr(OP |Y ) is a deterministic ”or” of Y :

Pr(OP = 1|Y ) =
{

1 ∃t.Yt = 1
0 otherwise

(4)

The entire model can intuitively be described as follows: the part is detected
(Op = 1) whenever P is ”sufficiently” similar to at least one of the part m’s
representative patches in Rm.

To learn the model parameters, a training set of image patches E is con-
structed by taking all 40× 40 image patches (on a fixed step grid) from all the
images in the current class candidate set H. For each patch P ∈ E the observed
data vector is constructed as: DP =

〈
V P , OP

〉
where V P =

{
V P

t

}
is computed

by measuring similarity between P and Am patches and OP = 1 iff P ∈ Am (and
OP = 0 otherwise). Finally the training data for the CNOR model of part m is:
D =

{
DP |P ∈ E

}
. By treating the correct part appearances (Am) as positive

examples and all other appearances (either other parts of the object or back-
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ground patches) as negative examples, the object part detector is trained for cor-
rect localization of the part. To limit the number of representatives, the learning
objective is to find the Minimum Description Length (MDL) parameters Θ, in
other words, to find Θ that maximize a combined score of the model complexity
(number of representatives) and model performance (data likelihood). We solve
this learning problem using the Structural EM (SEM) algorithm optimizing the
Bayesian Information Criterion (BIC) score [20]:

BIC =
∑

P∈E

log(Pr(OP |V P ;Θ))− log T

2
· |Rm| (5)

The SEM algorithm iterates between two stages. The first stage is, given a set
of representatives Rm, to find the optimal values for the {θt} parameters. This
stage is solved using the EM algorithm. It is computed efficiently, since in our
model each EM iteration has linear time complexity. The second stage is, given
the current assignment of {θt}, to estimate an improved Rm. This is achieved
by running several iterations of a greedy search over subsets of Rm ⊆ Am, where
at every step of the search a current subset Rm is modified by either adding or
removing one element.

After learning, the set of part m detections is obtained by identifying first
few local maxima of the probability Pr(OP |V ;Θ) computed for all patches P
in a given image. Selected representatives for an example part are shown in
Fig. 4a. The resulting CNOR part detectors for all parts m, are a significantly
more reliable set of object features then the initial generic set of features, as
demonstrated in Fig. 4b and in section 3, and it provides a general method for
reliable part detection for both supervised and unsupervised classification.

2.3 Applying the learned model to classify and localize objects and
parts

To compute the classification score for an unseen test image, and to localize the
class objects in it, we use the learned ρm

1 (offsets from object star center) and
Λm

1 ( STDs for these offsets) parameters in a voting scheme similar to [13] as
follows. For each part detector, a number (five in our experiments) of highest-
scoring locations at each image are marked. To identify the object star’s center
location, each detection X votes for a center location, by placing a Gaussian
mask with STD Λm

1 around the expected location X−ρm
1 . After all the detectors

voted, the point with the maximal accumulated vote determines the location of
the object star’s center in each image (in case there are multiple objects, several
local maxima that exceed a global threshold are taken). The accumulated vote
value at the detected center point serves as the object detection score in the
image. These scores are then used to create the ROC that tests the separation
between the class and the non-class images in the results section 3. The object
localization results of our method are evaluated in Fig. 4c. The parts are localized
by ”back-projection” as in [13]. Each part detector that voted into one of the
selected object center locations (with one of its five detections) is declared as
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’detected’ and is marked in the image. The accuracy of our part localization
is demonstrated in figures 2a and 5 and evaluated in Fig. 4d. Marking all the
detected parts in the image can be used for a top-down segmentation of the
detected object (see examples in supplementary material). The details of the
top-down segmentation are outside the scope of the current discussion.

3 Results

To test the performance of the UCA method, it was applied to the task of fully
unsupervised classification and object and part localization on 18 different ob-
ject classes. The list of the classes, the parameters of the datasets and ROC
EERs obtained by the UCA are summarized in Table 1. The results show that
our method obtains superior performance over the existing unsupervised meth-
ods in challenging conditions such as small objects relative to the background
(e.g. UIUC cars, Caltech101 cars, flamingo), small percent of class images in
the set (e.g. schooner, guitars), significant inter-class variability due to non-rigid
deformations (e.g. bonsai, horses, crab, flamingo, starfish) and significant lack of
alignment (e.g. UIUC cars, faces, PASCAL car views). Examples of the classes
and object and part localizations obtained by UCA are shown in figures 2a and
5. Fig. 4c,d shows quantitative evaluation of automatic object and part local-
ization by UCA compared to hand generated ground truth on several dataset.
The background images for each dataset were chosen randomly out of Caltech
backgrounds set containing 900 images. To challenge our method, we tested it
on different class vs. non-class mixes, namely 10%, 20%, 30% and 50%. This is
compatible with experimenting with Google data, since manual validation done
by [5] showed that on average, above 25% of images returned by Google image
search are good examples. For every dataset, increasing percent of class images
above the percent reported in the table gives even better results. The UIUC
cars dataset contained only the 170 non-cropped and non-aligned test images of
the original set (and equal amount of random background images), the training
images of the original set are cropped, so to make the task harder they were not
used. The Caltech-5 datasets (from [3]) were tested in order to compare with
past unsupervised approaches that were tested on the same data, namely [2, 12,
5, 10, 7]. To ensure that the chosen Caltech101 classes are sufficiently hard, 9 of
the 11 tested Caltech101 classes are the ones with lowest reported performance
by [7] (average of entries for these classes on [7]’s confusion matrix diagonal is
49%). Note that unlike [7], we do not use color information in our scheme. An
important characteristic of the UCA is its ability to deal with a low percentage of
class images in the dataset. Methods such as [5, 12] that apply the pLSA method
of [2] as a pre-processing step to identify and localize class examples may fail on
such datasets. This was validated by testing the pLSA method with eight topics
(optimal number proposed by [5]) on the schooner dataset that contains only
10% class images. From the N examples with maximal score in the class topic,
less then 40% were class examples (N = 10, 20, . . . , 100).
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Table 1. Summary of fully unsupervised classification results obtained by the UCA
method. For all datasets, the EER STD for UCA was ≤ 2% (computed by cross-
validation). For motorbikes, airplanes and cars-rear, the class images were randomly
chosen from larger sets and remaining images were also used for testing the learned
models obtaining 1.3%, 2.3% and 2.8% average EER respectively. The average EER
of UCA on the Caltech-5 datasets was 2.65%. Results of other unsupervised methods
reported for Caltech-5 were: average EER of 4.08% [12], 7.35% [5] and 11.38% [2] and
average multiclass detection rate of 5.4% [7]. Results of leading supervised methods on
Caltech-5 are comparable to our unsupervised result: average EER of 2.25% [15] and
1% [21] ([21] did not test on cars-rear class). The object size relative to the background
for each dataset was approximated from several characteristic images.
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In the PASCAL car views experiment, we tested the ability of UCA to sepa-
rate related sub-classes. In particular, out of the PASCAL 2007 training images,
images depicting frontal and side views of cars were extracted. The scale of the
images was normalized by vertical size and large background areas around each
car was taken to make the set un-cropped and un-aligned. The UCA was then
applied to this set in order to separate the views. Furthermore, when applied on
a set of about 700 images containing all the car views, UCA successfully learned
the ”frontal cars” subclass with similar EER to the two view experiment. Ap-
plying pLSA to the same set has yielded high error (32% EER). The ability
of our method to separate similar sub-classes and specifically different views of
the same class can also be useful in supervised learning applications. If a given
training set of images of the same class can be automatically separated into a
meaningful set of (inherently similar) subclasses, then it can greatly facilitate
the learning task, by allowing the modeling of each subclass separately.

4 Conclusions

The UCA method has a number of basic advantages compared with previous
unsupervised classification methods. First, the overall classification results are
higher than obtained previously, and remain high even when class examples
are sparsely distributed within the dataset. Surprisingly, on the tested classes,
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Fig. 5. More examples of unsupervised object and part localizations obtained by the
UCA method. See explanation in fig. 2a

results of the unsupervised method are as good as leading supervised methods.
Second, the method obtains precise object localization, indicated by a repeatable
reference point on each detected object. Third, precise locations of the parts
participating in the model are also made available. Fourth, the method is capable
of separating similar classes and sub-classes, such as different views of the same
class. The main novel aspects of the UCA method are the following. The model is
iteratively improved by exploiting intermediate classification results, consistently
improving the performance. A novel geometric model is used, which can be
efficiently learned from the entire dataset, and therefore improve the methods
ability to capture geometric consistencies, even when consistent configurations
are sparse. The model uses a part detection scheme, which is trained to detect
object parts with diverse appearances in their correct position. The resulting
detections are therefore more reliable, providing precise part localization and
improved overall performance.
Acknowledgments: This work was supported by EU IST Grant FP6-2005-
015803 and ISF Grant 7-0369.
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Appendix: EM Update equations for the G-phase model

1. G-phase model EM update equations

Following are the auxiliary definitions:
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2. UCA as a basis for top-down segmentation

Figure 1. Examples of top-down segmentations produced by back-projecting all the detected CNOR part detector locations consistent with
the models learned by UCA. A single global threshold (for each class) was used to produce the depicted segmentation masks. Left column
- original images, middle column - computed segmentation masks, right column - overlay.



3. Additional UIUC cars examples
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Abstract. This work describes a method that combines face detection,
localization, part interpretation and recognition, and which is capable
of learning from very limited data, in a semi-supervised or even fully
unsupervised manner. Current state-of-the-art techniques for face de-
tection and recognition are subject to two major limitations: extensive
training requirement, often demanding tens of thousands of images, and
detecting faces without explicitly detecting relevant facial parts. Both of
these limitations hinder the recognition task, since for a specific face the
number of available examples is usually small, and because the strongest
cues for identity lie in the specific appearance of facial parts. The pro-
posed method alleviates both these limitations by effective learning from
a small training set and by detecting the face through, and together
with, its main parts. This is obtained by a novel unsupervised training
method, which iterates phases of part geometry and part detector learn-
ing, to incrementally learn an object category from a set of unlabeled
images, containing both class and non-class examples given in unknown
order. We tested our method on face detection and localization tasks
both in a set of ’real life’ images collected from the web as well as in
LFW and MIT-CMU databases. We also show promising results of our
method when applied to a face recognition task.

1 Introduction

The focus of this work is on a method that combines face detection (’what
is it?’), localization (’where is it?’), part interpretation (’where are the facial
parts?’) and recognition (’who is it?’), and which is capable of learning from
very limited data, in a semi-supervised or even fully unsupervised manner. The
method was developed for general object detection and localization and in this
work we extend and apply it to the task of detecting and localizing faces. In
addition, we extend it to perform the recognition task.

The face detection and localization problem has a long history in the lit-
erature, but a significant dividing line was the influential work by Viola and
Jones [1]. Based on a survey by [2], before [1] the state-of-the-art methods for
face detection were divided into several approaches: knowledge-based [3], feature
invariant [4], template matching [5], and appearance based [6–8]. Following [1]
the focus of face detection approaches turned towards efficient real-time face
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detection. In [1], the face is represented by a cascade of linear classifiers each
using simple low-level ’Haar features’ and trained using boosting methods [9].
Currently, many state-of-the-art face detectors are variants of the approach in
[1], with different improvements and extensions. For example, [10] extend the
set of Haar features, [11] improve feature computation efficiency and introduce
a coarse-to-fine technique, [12] improve the optimization of the cascade, [13]
offer an alternative to the boosting technique used in [1] and provide efficient
methods for multi-view detection, and [14] suggest an improved set of low-level
features and improve the computational efficiency. Currently, the best results
were reported by [14].

Despite all the developments listed above, there are still two main limitations
shared by current state-of-the-art face detection techniques. These limitations
are especially relevant if one wants to extend such techniques to face recognition.
The methods based on [1] usually have an extensive training requirement. For
instance [13] train on 75,000 face examples, and [14] have around 23,000 faces and
30,000 non-faces in their training set. While general face examples are abundant,
this is usually not the case for face recognition tasks, where only a handful of
images may be available for a specific individual. The second limitation is non-
specificity to facial parts. The Haar-like features based methods detect faces
without explicitly detecting facial parts and thus are capable of face detection
and localization, but are not suited for recognizing and discriminating between
different shapes of face parts such as eyes, nose, ears, mouth, chin and etc. The
ability to detect specific facial parts plays a key role in face recognition task,
as the distinction between two individuals is often based on fine differences in
specific face parts appearance such as types of nose, eyes, hair, etc.

The proposed method addresses both of these limitations. It is capable of
learning from a small number of examples, even in the challenging unsupervised
setting, in which the object examples appear at unknown locations and only
in an unknown subset of the training images. The subset of images containing
class examples may even be as small as 10% of the training set. In addition, our
method is part-based, meaning that the object is detected through first detecting
its parts. The parts and their spatial configuration are learned automatically.
Moreover, each part is represented by a (learned) set of its so-called semantic
equivalents. For example, the nose part is represented by a set of image fragments
representing the nose viewed with varying poses, illuminations, and other types
of variations. These semantic equivalents are learned without supervision, and
they are combined using an efficient representation (the CNOR model below) to
form a robust detector for a corresponding part.

Our method was tested on unconstrained frontal face detection and local-
ization tasks in a challenging set of ’real-life’ images, collected randomly from
the web. The faces are usually small relative to the images, appear at random
locations in the images and exhibit strong scale, lighting, pose and expression
variations. The set also contains partially occluded faces (e.g. by sunglasses or
other objects) and multiple face instances. We also tested detection performance
on the LFW database [15] and detection and localization performance on the
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MIT-CMU dataset [16]. Examples of the output of our method on images taken
from various datasets appear in figure 7. Finally, we applied our method to the
simultaneous object detection, localization and recognition task on a dataset
consisting of the set of ’real-life’ images mentioned above mixed with an addi-
tional set of about 130 images containing a face of a specific person. The person
images also exhibit large scale, pose, lighting, location, expression and occlusion
variations. Our system showed good performance on this combined detection,
localization and recognition task despite being trained on a limited set of only
10 images of the specific individual. Examples of combined person detection and
recognition appear at the bottom row of figure 7. In addition, we tested the con-
tribution of various aspects of the proposed method by removing some of them
and evaluating the performance on the same detection and localization task.

The rest of the paper is organized as follows. Section 2 describes the method
and the learning algorithms used, section 3 provides details of the experimental
validation, and section 4 contains the summary and proposes possible future
research directions.

2 Method

This section presents our method for combined detection, localization, part in-
terpretation and recognition of human faces. The method builds upon and ex-
tends a general method for unsupervised category learning which is presented
in a companion paper [17]. The unsupervised learning algorithm, called Unsu-
pervised Consistency Amplification (UCA) is briefly overviewed in section 2.1
and its extensions introduced for face detection and recognition are described in
section 2.2. For a more detailed description of the UCA algorithm please refer
to [17].

2.1 Unsupervised Consistency Amplification (UCA)

The basic UCA unsupervised training algorithm is described in detail in a com-
panion paper [17], here we give only a brief overview. UCA alternates between
model learning and data partitioning. Given an image set S, an initial model
(learned using initial generic features) is used to induce an initial partitioning by
identifying highly likely class members. The initial partitioning is then used to
improve both the appearance and the geometrical aspects of the model, and the
process is iterated. In this manner the process exploits intermediate classification
results at a given stage to guide the next stage. Each stage leads to an improved
consistency between the detected features and the model, which is why the
process is termed Unsupervised Consistency Amplification (UCA). Each UCA
iteration consists of two phases of learning: the feature learning Appearance-
phase (A-phase) followed by the part model learning Geometry-phase (G-phase).
The approach and the order of the phases are summarized in Figure 1.
Here we briefly describe the phases of the algorithm:
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Fig. 1. Schematic diagram of the UCA algorithm

Initial Appearance-phase: We use a generic codebook of quantized SIFT de-
scriptors of 40 x 40 patches for the initial (appearance) features. This codebook
is computed by a standard technique [18] from all the images in given set S .
The codebook descriptors are compared to the descriptors at all points of all the
images in S and storing the points of maximal similarity (either one or several,
see below) in each image.
Geometry-phase: The detection of parts using the generic features is usually
noisy, due to detections in non-class images, and at some incorrect locations in
the class images. The goal of the geometric part model learning is to both distin-
guish between class and non-class images and between the correct and incorrect
part detections, based on consistent geometric relations between the features.
This is accomplished by the G-phase of the algorithm, which is also used for
the selection of the most useful features and the automatic assignment of each
of their detections in every image in S to either object or background model.
During training, we model the background by a distribution of the same fam-
ily as the class object distribution, which allows preventing from the spurious
geometric consistency on the background to be accounted for by the learned
class model. In our experiments we found that modeling the background distri-
bution is better than assuming it to be uniform. The learned background model
is then discarded after the training and is not used for classifying new images.
Thus, the generative probabilistic model used in the G-phase is a mixture of two
star-models, one for object and the other for background. It is learned without
supervision from all the images in S using a novel probabilistic graphical model
formulation explained in [17]. After the geometric structure has been learned,
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a subset H ⊂ S of images which contain class objects with high confidence is
selected. In these images the object centers and parts are localized.
Appearance-phase: The A-phase constructs the part detectors used as features
by the following G-phase. Each part-detector constructed in the A-phase repre-
sents an object part by extracting several typical appearance patches of the part,
from different images. Part-patches can be extracted, because the locations of
the parts in the images of the subset H are already estimated from the previous
G-phase. An optimal subset of these part patches is learned by a novel proba-
bilistic discriminative model, the Continuous Noisy OR (CNOR), described in
[17]. The model parameters are optimized for part detection in correct location
on faces.
Applying the model to new images: As in [17] we apply the model to new
images by voting for the object reference point from the locations detected by
the learned part detectors. Each part Pi has two learned parameters defining its
spatial location relative to the object reference point - offset µi and covariance
matrix Λi defining the uncertainty region of the offset. Both these parameters are
used during voting. Following the voting, the parts are detected and localized by
back-projection: each part that was detected within one STD from its expected
location is declared as ’detected’. In the current paper we extend the voting
method used in [17] towards multi-scale and multi-object detection. To handle
multiple scales we iterate over candidate horizontal sizes of the face, in our case
from 20 to 150 pixels with 10 pixel increments. The search over different scales
produces only a few false alarms due to high precision of the UCA classifier (see
[17]). We also apply non-maximal suppression to suppress overlapping detections
(bounding boxes) with lower scores. To handle multiple objects we replace the
voting method used in [17]. In [17] only five highest scoring detections of each
part were used in the voting. Since an image may contain more then five faces
(as is the case in many of our examples), we replaced this method by voting
using the entire set of part detections for each part. Given an image, detector
for part Pi is applied to a grid of locations on the image (we used regular grid
with a step of 5 pixels) producing a response map Ri , then Ri is shifted by µi ,
and dilated with Λi and added to a cumulative voting mask. The local maxima
of the voting mask after all part detectors have voted constitute the candidate
locations of the faces. Applying non-maximal suppression on voting masks gath-
ered from all the candidate scales and thresholding the result produces the final
face detections.

The training of the G-phase and A-phase probabilistic models was achieved
by applying Expectation Maximization (EM) algorithm [19] and its structure
learning variant [20]. The following section explains how UCA was used in faces
detection, localization, part interpretation and recognition tasks.

2.2 UCA-based face detection and recognition

The model for face detection (for brevity detection = detection + localization +
part interpretation) and recognition is trained in three stages, each stage training
a separate UCA model. In the first stage, M1 - a model for detection is trained on
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Fig. 2. A schematic illustration of the proposed approach showing the inputs and the
outputs of all the training stages

an unlabeled set of mixed face and non-face images in an entirely unsupervised
manner. In the second stage an improved model for detection M2 is trained on
an additional training set, in which the faces are detected using M1. In the third
stage, a model for recognition M3 is trained using several examples of a specific
face to be recognized detected and localized, based on the application of M2.
Stage 1: The first stage is fully unsupervised, its training set consisting of mixed
non-face and face images (faces appear at unknown locations). This stage was
performed in the experiments of [17] and here we use the model it learned (de-
noted M1) for the second stage. Fifty face examples from Caltech faces dataset
were present in the unsupervised training set of the first stage (together with
450 non-face images). In general this stage may be used in cases we train on a
semi-supervised set (having only images that contain the learned object), but
when object examples vary in viewing direction (or other viewing conditions),
e.g. if we get a set of mixed frontal and profile faces. Although it is possible to
try to capture all the viewing directions by a single model, it is clearly harder
and will typically cost in loss of ability to detect facial parts. So in this case it
is beneficial to first apply unsupervised learning to separate different views and
only later to learn a separate model for each view. Experiments along these lines
were performed in [17] for automatically separating different car views.
Stage 2: The second stage is learning an improved model using weak supervi-
sion. The goal of this stage is to improve the performance of the model learned
during the unsupervised stage by providing it with more object (face) examples.
This stage could also be performed by the system in autonomous (unsupervised)
online manner by crawling on web images and detecting instances of the object
using the M1 model. In our case we gave the system 300 additional image exam-
ples randomly chosen from the LFW database and ran the M1 model on them to
detect and localize faces on these images. The output of M1 were face bounding
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boxes detected in the training images. We then train the model M2 using the
UCA method by assuming the output of M1 to be the output of the G-phase
in one of UCA iterations (see section 2.1 for the definition of the G-phase). The
model M2 is then used to perform the face detection and localization in section
3. The second stage can be seen as additional iterations of the UCA method ap-
plied in the first stage. The main difference is that the standard UCA loops over
the same image set over and over again, while in M2 training stage new images
are provided either in a weakly supervised or in online unsupervised manner.
Stage 3: The third stage, training a recognition model for a specific face, is
performed when we receive a (limited) set of examples of a face of a certain
individual (that we wish to recognize in the future) and train a UCA model on
these images. The training examples need not be cropped or aligned and can
exhibit any scale variation, all we require them to be is ’roughly frontal’ (as the
example images in Figure 7). The training is organized along the lines of the
second stage. The resulting model M3 can be used by itself for simultaneous
detection, localization and recognition of a specific person, but it is better used
in conjunction with M2, since M3 had only limited training on the few exam-
ples provided for the specific person. We investigate both of these options in the
section 3.

Figure 2 summarizes the proposed approach. Section 3 describes the experi-
mental validation of our method.

3 Results

To test the proposed method, we applied it to frontal face detection, localization
and recognition tasks in several databases, namely: people-containing images
gathered from Google image search (denoted WEB database); Labeled Faces
in the Wild (LFW) database [15]; MIT-CMU dataset [16]; and a set of un-
constrained images of a person taken under different viewing conditions, and
at different locations and times (denoted PERSON database). The MIT-CMU
dataset combines all the images from tests A, B and C in the dataset description
[16]. The statistics of all the datasets are summarized in Table 1.

–+–162162PERSON

–++511130MIT-CMU

+––1323313233LFW

–++477354WEB

Faces are 
aligned

Has scale 
variations

Has multiple 
people

Faces size
(min – max)

image size
(rows x columns + STD)

# frontal faces# imagesName

220197593626 ��� 1301802031 ���

00250250 ��� 95135�

208227440429 ��� 1682531421 ���

00640480 ��� 1602092836 ���

Table 1. Provides statistics of the datasets used in our experiments
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Fig. 3. Summary of the LFW face detection experiments. Although faces in LFW are of
the same scale, a full method including scale search was applied both to face-containing
and background images

In the first experiment, the model M2 was applied to the face detection task
in the LFW database. Since faces in the LFW are cropped, roughly aligned
and equally scaled, there was no reason to test localization on that database,
although in several dozens of images that we manually checked the localization
was perfect. The LFW database is comprised only of images containing faces
detected by Viola & Jones face detector, so in order to test face detection,
maximal response of the UCA was computed for all images in the LFW and in
additional 916 background images which were a union of the Caltech and Google
background sets. These measurements were used to build the ROC curve for face
detection depicted on Figure 3. The error bars of the ROC were computed by
10-fold cross validation.

In the second experiment we tested the combined detection and localization
performance of our method. To this end, model M2 was applied to the WEB and
MIT-CMU datasets. The results are summarized in ROC curves in Figures 4a
and 4b respectively. We also compared our performance on the WEB database
with the performance of the OpenCV [21] implementation of Viola & Jones face
detector [1] and shown a significant performance gain (see figure 4a). The face
was considered correctly localized if the detected bounding box exceeded the
standard Jaccard index overlap score of 0.5 with the manually marked ground
truth bounding box:

Jaccard Index (BB1, BB2) =
|BB1 ∩BB2|
|BB1 ∪BB2| (1)

In order to test the contribution of various components of our method to
the final performance, Figure 4a also contains ROC curves of performance af-
ter removing different components. Specifically, we tested our method without
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Fig. 4. (a) Summary of the WEB face detection and localization experiments. Ad-
ditionally provides comparison with OpenCV implementation of [1], HOG+SVM and
performance after removing different components of our method. (b) Summary of the
MIT-CMU face detection and localization experiments, ROC curve

using semantic equivalents for part detection (’No semantics’ in the figure), with-
out using the CNOR model for combining the semantic equivalents (’No CNOR
combination’) and without using the learned geometry of parts (’No star geom-
etry’). In all cases, removal of these components resulted in significant drop in
performance. When semantic equivalents were not used for part detection, a sin-
gle best image fragment was chosen to represent the part. When CNOR model
was not used for combining semantic equivalents, they were combined using a
simple summation. When part geometry was not used, the parts were split into
four groups corresponding to the four quarters of the face. The face was then
detected as a combined vote of the four quarter detections, while each of the
quarters was detected by the bag-of-features method. Localizing faces directly
by a bag-of-features of the whole face (without using this four quarters scheme)
failed to produce reasonable results due to the limitation imposed by the overlap
score (eq. 1) and the currently used non-maximal suppression scheme.

Additionally, figure 4a contains an ROC curve of HOG + SVM classifier
implemented along the lines of [22]. HOG descriptors were computed for all the
face bounding boxes detected by M1 in all the images used to train M2. For
these HOG descriptors RBF kernel SVM was trained against HOG descriptors
of maximal score bounding boxes detected by M1 in background images (Caltech
+ Google backgrounds).

In the third experiment combined detection, localization and recognition were
tested on the combination of the PERSON and the WEB datasets. The results
are summarized in figures 5a and 5b. Ten images of a person were used to train
the model M3. The models M2 and M3 were used in a cascade-like sequence.
First, M2 was applied to detect candidate faces in the image and then M3 was
applied to search for the face of the specific person at locations and scales close
to the ones detected by M2. We also tested the combined detection, localization
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Fig. 5. (a) Summary of PERSON face detection and localization experiments. (b)
Summary of PERSON + WEB combined detection, localization and recognition ex-
periments

and recognition using a single model (M3). When used by itself, it produces less
good detection and localization results (see Fig. 5a) due to the limited training
on only 10 images. In figure 5b we also compare our approach to several baseline
approaches. Specifically, we tried to replace the M3 in the M2 → M3 sequence
by Nearest Neighbor PCA, NCC or HOG, all trained on the same 10 images
we used for training M3. As can be seen in Figure 5b, the performance of these
methods is significantly worse. This can be partially attributed to the fact that
these methods try to detect the whole face using a single template, while our
method applies part based detection which, as explained in the introduction, is
more appropriate for the recognition task. Examples of face interpretation, that
is detection of various facial parts, are given in Figure 6.

4 Discussion

This paper presented a method for combined faces detection, localization, part
interpretation and recognition in unconstrained images, where faces may appear
at any image location, scale and under a variety of difficult viewing conditions.
The method shows promising performance in various experiments on different
datasets, superior to several standard baseline methods and the standard im-
plementation of the Viola & Jones face detector. The method requires only a
few images for training and can be trained in a fully unsupervised manner. The
underlying models employed by the method are general and not limited to face
detection.

Even in cases of semi-supervised training, the ability to automatically sep-
arate different object views in a given training set (containing mixed views)
can improve classification performance of the learned models. Moreover, this
ability also facilitates learning part based models that are capable of detecting
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Fig. 6. Examples of detections of several of the (about 50) modeled parts. Yellow star
shows the detected object model center location and the colored boxes show the parts
that were detected by the model

’meaningful’ object parts. Initial experiments performed in [17] for automatic
separation of car views from the PASCAL 2007 dataset, show that our method
has this ability. An interesting future research direction would be learning view-
point invariant part based models for face detection from a mixed set of examples
of different face views. Additional interesting extension may be linking the mod-
els of different views in terms of their detectable parts (such that semantically
equivalent parts from different view models are linked) in order to facilitate
view-invariant part interpretation.

In its current version, the method does not make full use of the detailed part
interpretation obtained during the detection process for the purpose of subse-
quent individual face identification. Since part detection obtained by our method
is usually highly accurate, for each facial part it is possible (in future work) to
build a universal dictionary of part appearances, such as semantic equivalent
image fragments proposed in [23]. Then, one may learn an association between
each of the part appearances and the conditions (lighting, pose, expression, etc.)
under which the part is viewed. Given even a single image of a specific individual,
her facial parts may be detected (by our model) and categorized according to
the learned part appearance dictionaries. Subsequently, when confronted with a
new image of the same individual taken under different conditions, the learned
association between the conditions and the part appearances in the new image
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(known following the detection, localization and part interpretation performed
by our model) could be used to recognize the individual. Some ideas along these
lines were explored in [24] (but without having a method for reliable part in-
terpretation) and extending it might be an interesting future research direction
towards individual recognition under highly varying viewing conditions.

Aknowledgment: This work was supported by EU IST Grant FP6-2005-
015803 and ISF Grant 7-0369.
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Fig. 7. Examples of face detection, localization and recognition obtained by our
method. The databases used for experiments are explained in the Results section.
Examples inside the red box are from the WEB database, examples in the green box
are from the MIT-CMU database and blue box contains examples of combined detec-
tion, localization and recognition of a specific person in the PERSON database. The
current algorithm does not use color information, all the color images were processed
in grayscale by the algorithm
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Abstract

Class learning, both supervised and unsupervised, re-
quires feature selection, which includes two main compo-
nents. The first is the selection of a discriminative subset of
features from a larger pool. The second is the selection of
detection parameters for each feature to optimize classifi-
cation performance. In this paper we present a method for
the discovery of multiple classification features, their de-
tection parameters and their consistent configurations, in
the fully unsupervised setting. This is achieved by a global
optimization of joint consistency between the features as
a function of the detection parameters, without assuming
any prior parametric model. We demonstrate how the pro-
posed framework can be applied for learning different types
of feature parameters, such as detection thresholds and ge-
ometric relations, resulting in the unsupervised discovery
of informative configurations of objects parts. We test our
approach on a wide range of classes and show good re-
sults. We also demonstrate how the approach can be used
to unsupervisedly separate and learn visually similar sub-
classes of a single category, such as facial views or hand
poses. We use the approach to compare various criteria for
feature consistency, including Mutual Information, Suspi-
cious Coincidence, L2 and Jaccard index. Finally, we com-
pare our approach to a parametric consistency optimization
technique such as pLSA and show significantly better per-
formance.

1. Introduction

In this paper we consider the problem of unsupervised
selection of multiple classification features together with
the optimization of their detection parameters and discovery
of consistent feature configurations. The input is a mixed set
of unlabeled images S, only a small subset of which (20%
or lower) contains instances of an unknown class category
(which may be uncropped, unaligned and of small size rel-
ative to the background), and a large pool of candidate fea-

Examples of input images Examples of initial features
Examples of features
selected by UFO

Examples of spatial-pair features selected by UFO

Example part configuration 

Figure 1. An example of the application of our method to cougar
class from Caltech-101.

tures F (is of size 1000-3000 in our experiments), which
is measured on each image. The feature pool may also be
generated directly from all the images in the unsupervised
training set (e.g. by applying the method of [9]). As in
many classification schemes, each feature Fi ∈ F is asso-
ciated with some parameters θi that need to be set. When θi
are fixed, the feature Fi (I; θi) is a function mapping image
I to some discrete (usually binary) value. For example, the
parameter θi may be the similarity threshold and the feature
Fi be a binary function with Fi = 1 iff the maximal sim-
ilarity between all descriptors extracted from image I and
a descriptor associated with Fi exceeds θi. Another exam-
ple is that the feature is a pair (Fi, Fj) (where Fi and Fj are
”maximal similarity + threshold” features from the previous
example) and θi is an expected spatial offset between the de-
tected locations of the two members of the pair. The com-
bined feature is detected only if the observed offset is close
to θi. Finally, θi may be the linear coefficients for combin-
ing similarity measures of several different types of descrip-
tors for a given image patch associated with Fi. Such de-

1



scriptor combinations were successfully used in [21]. The
main goal of the algorithm is to identify a subset of the can-
didate features that are most discriminative for detecting the
category instances together with optimizing parameters of
each feature to find their most discriminative values. This
is challenging since the image class labels are unknown and
cannot be used to identify useful features. Another goal is
to use the discovered subset of optimized features to detect
and localize a reliable subset of class instances present in
the unsupervised training set. The detected class examples
can then be used for the subsequent category learning (e.g.
as done in [14, 10]). Figure 1 illustrates the input, the vari-
ous outputs and the intermediate stages of our method.

The problem of unsupervised learning of an unknown
category has recently attracted substantial attention [2, 4, 5,
6, 7, 8, 10, 20, 15, 12, 13, 14, 19, 17, 18, 23]. The unsu-
pervised approaches may be further subdivided into weakly
supervised - ones that assume that all training images con-
tain uncropped and unaligned instances of the learned ob-
ject category [6, 15, 18, 23], and fully unsupervised - ones
for which the category instances may appear only in a small
portion of the training images [8, 20, 7, 5, 19, 4, 17, 12, 2,
13, 14, 10]. The approach proposed in this paper belongs
to the latter, fully unsupervised, category. The general idea
in all of these approaches is to compensate for the lack of
supervision by searching for consistency between the mea-
sured features, assuming that this consistency arises primar-
ily from the presence of a class instance in the image. The
approaches may be further categorized in terms of how they
search for this inter-feature consistency. Some approaches
assume a prior parametric model for the features and their
detection parameters, and the consistency is detected via un-
supervised training of the parameters of this model. The
models used by these approaches include the constellation
model [6] used by [6, 7], pLSA used by [20, 5, 19, 12, 14],
Spatial-LTM [4], ISM [11] used by [8], Semantic-Shift [13],
TSI-pLSA [5] and UCA [10]. Other approaches are non-
parametric in a sense that no prior model is assumed for the
inter-feature consistency and the consistency is detected by
some form of a bottom-up agglomerative process. This pro-
cess builds upon local, usually pairwise (for a given level of
agglomeration), consistency relations between the features.
Examples of the latter approaches are efficient mining used
by [17, 18], joining frequent feature triplets with high sus-
picious coincidence measure by [23] and combining similar
image segments by [2]. Our approach belongs to the latter
non-parametric type. However, it does not perform an it-
erative agglomeration based on the local consistency of the
features. Instead, a global optimization is performed, op-
timizing the consistency between all the potential features
as a function of the feature parameters. The output of the
global optimization is a consistent setting of feature param-
eters, maximizing the sum of pairwise consistency values
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Figure 2. Examples of part configurations learned by UFO for var-
ious object classes. Each configuration displays a set of patch
features automatically selected and arranged by the algorithm for
each category.

between the relevant features. Clustering the resulting con-
sistency graph between the features gives rise to consistent
feature clusters, which are discriminative for the unknown
learned category (or several categories in case of a multi-
class), as demonstrated in our experiments.

An important consideration is that if we want to compute
consistency of feature F1 with two different features F2 and
F3, then the parameter (e.g. threshold) of F1 that attains
maximal consistency with F2 may be different from the one
needed for maximal consistency with F3. Consequently, in
order to have maximal joint consistency of many features,
the parameter optimization needs to be global. An agglom-
erative process that optimizes consistency only locally by
merging a few (usually 2 or 3) features at a time, may arrive
at lower consistency at the higher levels of agglomeration
or become inconsistent in the setting of parameters.

As in previous approaches, the proposed framework
can be used with different types of consistency measures.
Therefore, in our experiments we used the proposed method
to compare different consistency measures, such as Suspi-
cious Coincidence (SC), Mutual Information (MI), Jaccard
Index (JI) and L2 distance. Surprisingly, the standard SC
consistency measure attained lower results in our compari-
son, significantly inferior to MI and JI measures. In addi-
tion, we compare our approach to pLSA - probably the most
widely used parametric learning method based on consis-



tency, and show significantly better performance.
Unsupervised learning can be particularly useful in the

weakly supervised setting, when all the images contain in-
stances of a given class, but it is beneficial to divide the
class into a set of visual sub-classes (such as different ob-
ject views or different poses), to obtain better recognition
of each sub-class individually, instead of recognizing a mix-
ture of sub-classes by a single model. In the experiments be-
low, we demonstrate how the proposed method can be used
to obtain unsupervised separation between visually similar
sub-classes, such as separating face views and separating
hand poses.

Finally, we exploit the fact that the proposed framework
may be used with any types of features and their parameters,
and demonstrate how our approach can be used in a pipeline
that starts from a generic set of quantized image patch de-
scriptors and a set of unlabeled images, and finally arrives
at discovering spatial configurations of object parts, which
are both discriminative and visually plausible (see Figure
2). Within this pipeline, the method is applied twice: first
for learning detection thresholds, and second for learning
spatial offset parameters of feature pairs, finally leading to
the discovery of full 2D consistent feature configurations.

The rest of the paper is organized as follows, section 2
describes the proposed approach, section 3 summarizes the
experimental results, and section 4 provides summary and
discussion.

2. Method

In this section we describe the Unsupervised Feature Op-
timization (UFO) algorithm (section 2.1), discuss and an-
alyze the pair-wise consistency measures that can be effi-
ciently used within the algorithm (section 2.2), and show
how the UFO algorithm can be applied to select appearance
and geometric features, including their respective detection
parameters, in order to discover objects and consistent geo-
metric configurations of their parts (section 2.3).

The UFO algorithm receives as input a set of unlabeled
images and a feature pool from which it performs the selec-
tion. However, in practical applications, such as described
in section 2.3, it is possible to work with either an external
feature pool provided by the user, or with a feature pool in-
ternally generated by the system from all the unsupervised
training images (e.g. by applying the method by [9]). A
schematic diagram describing the proposed method is given
in figure 3 and explained further in section 2.3.

2.1. UFO algorithm

Input: A set of images S = {In}
N
n=1 and a (large) pool of

features together with their respective detection parameters
F0 = {〈Fi, θi〉}

M
i=1, such that each feature is a function:

〈Fi, θi〉 : S → V, here V is a discrete set of possible

feature values (we use binary values in our experiments),
and each θi takes a value from a discrete set of possible
values that may be specific to each feature θi ∈ Wi. For
simplicity, we will use the notation Fi (θi) to indicate a row
vector of N values from V , the n-s entry of which will be
〈Fi, θi〉 measured on image In. We will also refer to the
feature itself as Fi.
Output: K disjoint subsets of features ∪

1≤k≤K
F̂k = F0,

and the respective optimal parameter settings for each fea-

ture:
{
θ̂i

}M

i=1
. The goal is that one or several of these sub-

sets will be associated with the classes present in the images
of set S.
The flow of the algorithm:
1. Compute maximal consistency for each pair of features
Fi and Fj : Cij = max

θi,θj
Cons [Fi (θi) ;Fj (θj)], where the

consistency measure, Cons, is a function measuring pair-
wise consistency between two vectors from V N : Cons :
V N × V N → R. The consistency measures that we have
compared within our algorithm, as well as methods to effi-
ciently compute Cons [Fi (θi) ;Fj (θj)] for all i and j and
all values of θi and θj , are described in section 2.2.

2. Transform the resultingM ×M matrix C = {Cij}
M
i,j=1

into a graph adjacency matrix A. This is obtained by setting
all except the largest L entries of C to zero and the largest L
entries to one (C andA are symmetric, we refer to L entries
above the diagonal and keep their L respective reflections
as well). The resulting graph has M nodes, one node for
each feature, and L edges. Throughout all our experiments
we used L = 10, 000. In principle a large value for L is
preferred, the only reason to limit its value is to lower the
running time of the graphical model based optimization that
will be described next. For each edge described by non-
zero entry Aij we compute a potential function: wij :Wi×
Wj → R such that: wij (θi, θj) = Cons [Fi (θi) ;Fj (θj)] .
The potentials are then used to define an energy function E
being the sum of the pairwise consistency measures:

E (θ1, . . . , θM ) =
∑

i,j:Aij=1

wij (θi, θj) (1)

Energy functionE is a sparse approximation of the full pair-
wise consistency measure between all the features.
3. Apply a Loopy-Belief-Propagation (LBP) algorithm to
compute (approximate) the maximal assignment to E:

{
θ̂i

}M

i=1
≈
LBP
argmaxE (θ1, . . . , θM ) (2)

4. Finally, compute: Ĉij = Cons
[
Fi

(
θ̂i

)
;Fj

(
θ̂j

)]
and

cluster the resultingM ×M affinity matrix

Ĉ =
{
Ĉij

}M

i,j=1
into K clusters (we use K = 7 in all our

experiments). In our implementation of the UFO algorithm,
we use spectral clustering [22] for the last step.
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Figure 3. A schematic diagram showing the flow of the method.
Details are explained in section 2.3. The UFO algorithm, ex-
plained in section 2.1, is applied twice, first for the non-geometric
”maximum-similarity” features, and second for the geometric
”spatial-pair” features constructed using the results of the first
UFO application. The dashed boxes describe input, output and in-
termediate results. The solid boxes describe assisting algorithms
explained in the section 2.3. Entry and optional exit points of the
flow are indicated by green and red arrows respectively.

Intuition - Class and feature consistency: As will be
demonstrated in the results section 3, the feature clusters
obtained by the method are closely associated with the un-
known classes. The intuition behind the UFO algorithm is
that the main source of consistency between the features
is their association with specific classes. For features with
high enough consistency with the same class (or sub-class),
there will also be high consistency between the features
themselves. This is intuitive, but also follows from the
lower bounds on feature-to-feature consistency derived an-
alytically for all the consistency measures in the next sec-
tion 2.2. The bounds become tighter as the consistency
between the features and the class (for the optimal set-
ting of detection parameters) increases. Therefore, keeping
graph edges with high consistency Cij has a high likelihood
to form edges between features consistent with the same

class. Moreover, choosing detection parameters
{
θ̂i

}M

i=1
that maximize consistency between the features, will also
contribute to increasing the feature-to-class consistency.

The following section describes several natural con-
sistency measures that can be efficiently used within the
proposed UFO algorithm, and provides lower bounds for
feature-to-feature consistency in terms of the respective
feature-to-class consistency for each of the measures.

2.2. Consistency measures and efficient implemen-
tation

In our experiments with the UFO algorithm we tested
and compared four consistency measures (denoted Cons
in the description of the algorithm), namely: Jaccard In-

dex (JI), Mutual Information (MI), Suspicious Coincidence
(SC) and Euclidian Distance (L2). As explained in sec-
tion 2.3, in our experiments we focused on binary fea-
tures and their parameters. In order to implement the
UFO algorithm efficiently, we need to efficiently estimate
Cons [Fi (θi) ;Fj (θj)] for all i and j and all values of θi
and θj . Fortunately, in the binary feature case, the sufficient
statistics for computing Cons [Fi (θi) ;Fj (θj)] for all the
listed measures are only five numbers: the number of im-
ages for which both Fi (θi) and Fj (θj) are equal to one (the
inner product Fi (θi) ∙ Fj (θj)), the number of images for
which they are both zero F̄i (θi)∙F̄j (θj), the F̄i (θi)∙Fj (θj)
(needed for MI), and the numbers of ones in Fi (θi) and
Fj (θj) respectively (|Fi (θi)|1 and |Fj (θj)|1). W.l.o.g., as-
sume that the sets of possible values for the detection pa-
rameters: Wi are of the same cardinality |Wi| = T for all
i. Then the complexity of the full computation of all the re-
quired sufficient statistics is 2 ∙T 2, and in case of MI 3 ∙T 2,
times the complexity of binary matrix multiplication.

In the following text we describe all the tested consis-
tency measures and for each of them provide a lower bound
on feature-to-feature consistency Cons [Fi (θi) ;Fj (θj)]
(we will write Cons [Fi;Fj ] for brevity) in terms of re-
spective feature-to-class consistencies: Cons [Fi;C] and
Cons [Fj ;C]. The bounds are monotonically increasing in
both Cons [Fi;C] and Cons [Fj ;C], and become tighter
as the feature-to-class consistencies approach their max-
imum. A notable observation regarding these bounds is
that they hold for any class labeling C. Therefore, even
though two features might have low consistency with the
entire class (e.g. faces), they might be very consistent with
the same sub-class (e.g. profile faces) and thus have high
lower bound on their feature-to-feature consistency (using
this sub-class labeling as C). Supporting this claim, we
have successfully applied our method for unsupervised sep-
aration of visually similar sub-classes of a larger class, such
as separating face views and separating hand poses (see sec-
tion 3 for more details).
Jaccard Index (JI): The JI measures the amount of con-
sistency between two sets by computing the ratio between
their intersection and their union. The JI between two bi-
nary vectors X and Y is defined as:

JI (X,Y ) =
X ∙ Y

X + Y −X ∙ Y
(3)

where X ∙ Y is the dot product. This is exactly the classi-
cal JI for sets of indices of ones in the two vectors. In our
experiments we use the following symmetric variant of JI:

ĴI (X,Y ) = 0.5 ∙
[
JI (X,Y ) + JI

(
X̄, Ȳ

)]
(4)

where X̄ = 1−X . This variant is used in order to prevent
an artificial tendency for larger consistency due to greater
number of ones in the binary vectors.



Claim 2.1

JI [Fi;Fj ] ≥
JI [Fi;C] + JI [Fj ;C]− 1

1/JI [Fi;C] + 1/JI [Fj ;C]− 1
(5)

similar result holds for ĴI [Fi;Fj ].

The proofs of this and following claims are given in the
supplementary material. This shows that ĴI [Fi;Fj ] is in-
creasing in both the JIs: JI [Fi;C] and JI [Fj ;C], and the
bound (5) becomes tight when the JIs attain their maximal
values of 1.
Mutual Information (MI): The MI measures the decrease
in the entropy of one random variable conditioned on an-
other random variable. For two binary vectors X and Y :

MI [X;Y ] = H (X) +H (Y )−H (X,Y ) (6)

where H is the Shannon’s entropy of a random variable.

Claim 2.2 Assuming that Fi and Fj are conditionally inde-
pendent given class C, then:

MI [Fi;Fj ] ≥MI [Fi;C] +MI [Fj ;C]−H (C) (7)

Because the maximal value that MI [Fi;Fj ] can attain is:
min [H(Fi),H(Fj)], maximizing MI [Fi;Fj ] will tend to
prefer Fi and Fj that are correlated and non-sparse in terms
of both zeros and ones (with higher entropy). Unlike MI,
JI can have high values for correlated features that appear
very infrequently (these features will have low MI scores,
because of their low entropy).
Suspicious Coincidence (SC): The SC measures the ratio
between the probability of two events happening simulta-
neously and an estimate of this probability assuming the
two events are independent. For binary vectors X and Y
of length N :

SC [X;Y ] =
N ∙ (X ∙ Y )
|X|1 ∙ |Y |1

(8)

Claim 2.3 Assume the events Fi = 1 and Fj = 1 are con-
ditionally independent given the event C = 1, then:

SC [Fi;Fj ] ≥ SC [Fi;C] ∙ SC [Fj ;C] ∙ |C|1/N (9)

The SC is a commonly used consistency measure, e.g. in
[23] it was used for weakly supervised learning of object
contours. A drawback of the SC is that taken by itself it
may prefer very infrequent events. The reason is that if X
has few ones in it, then SC [X;X] = 1/|X|1 is very large.
Therefore, SC is usually used in conjunction with a thresh-
old on minimal frequency of the events (i.e. demanding
that |X|1 is large enough). However, this is problematic
in our fully unsupervised setup, since the class instances
themselves are infrequent (there may be 20% or less class
instances in a set). This inherent drawback of the SC is sup-
ported by our experiments (section 3), where SC performs

significantly worse then MI or JI.
Euclidian Distance (L2): The bounds for L2 are provided
by the triangular inequality. A drawback of L2 is that it
is dominated by the larger of X ∙ Y and X̄ ∙ Ȳ (X and Y
defined as above), and hence may disregard the lack of con-
sistency between either zeros or ones in the vectors X and
Y , depending which (zeros or ones) are less frequent.

2.3. Implementation Details

The flow of the proposed method is schematically shown
in figure 3. In this section we describe the auxiliary steps of
the method in more detail. All the constant numbers appear-
ing in the description are fixed parameters of the method
and are used throughout the experiments.
Initial feature pool: we apply the method of [9] on the en-
tire image set S (both class and non-class, since labeling is
unknown) to build an initial feature pool F0 ofM0 = 1000
quantized SIFT descriptors of 40 × 40 image patches. For
every image in the set S, we compute the similarity of each
feature from the pool at all locations on a dense grid. For
each feature Fi ∈ F0 and image In ∈ S, the five highest
similarity local maxima locations are retained. Denote their
respective similarity scores by 0 ≤ αki,n ≤ 1 (in decreasing
order for each feature) and image locations by Lki,n ∈ R

2,
where k ∈ {1, . . . , 5}.
Unsupervised optimization of threshold parameters: we
apply the UFO algorithm (section 2.1) to learn individual
optimal threshold parameters θthri for each Fi ∈ F0 . We
use only the maximal similarity scores α1i,n in this opti-
mization. For each of the optimized threshold parameters
θthri we set a range of 20 candidate valuesW thri , by taking
20 values with equal spacing in the index from the sorted
list sort

(
α1i,1, α

1
i,2, . . . , α

1
i,N

)
. This ensures that each fea-

ture has an adequate set of candidate values for its thresh-
old for any density of its continuous similarity values. As
explained in section 2.1, following threshold setting, the
UFO also produces clusters of features, which are tested
for their classification performance in the results section 3.
Building spatial-pairs feature pool: an additional output of
the UFO (section 2.1) is the feature-to-feature consistency

matrix Ĉ =
{
Ĉij

}M0

i,j=1
computed for the chosen optimal

threshold parameters. We next build spatial-pair features
from M1 = 3000 pairs of F0 features that have maximal
pair-wise consistency (i.e. maximal entries in the matrix Ĉ).
The spatial-pair features are pairs of F0 features that have
a Gaussian model for the spatial offset between their de-
tected locations. For each spatial-pair feature in the result-
ing feature pool, denoted F1, we train a separate Gaussian
Mixture Model (GMM) producing five competing Gaussian
spatial offset models. The GMM for a spatial-pair feature
(Fi, Fj) ∈ F1 is trained on a set Oi,j of offsets between Fi
and Fj in all their detected locations (from all the images)



that passed the optimal thresholds (computed by UFO) θ̂thri
and θ̂thrj respectively: Oi,j =

{
Lk1i,n − L

k2
j,n | 1 ≤ n ≤ N,

1 ≤ k1, k2 ≤ 5, α
k1
i,n > θ̂

thr
i , α

k2
j,n > θ̂

thr
j

}
. Denote the

Gaussian components of the learned mixture: Gki,j =
N
(
μki,j ,Σ

k
i,j

)
, where k ∈ {1, . . . , 5}. The detection pa-

rameter for the spatial-pair feature (Fi, Fj) ∈ F1 is θoffsi,j ∈
{1, . . . , 5}, and the pair-feature is considered detected in
image In ∈ S with θoffsi,j = k, iff there exists an offset
in Oi,j that originates from image In and for that offset
the Gki,j component has maximum likelihood among all the
GMM components.
Unsupervised optimization of offset parameters: we apply
the UFO algorithm again, this time for choosing the correct
Gaussian offset model among the five individual candidates
for each spatial-pair feature. The outputs of the algorithm

are the optimal offset models Ĝi,j = N
(
μ̂i,j , Σ̂i,j

)
for

the spatial-pair features (Fi, Fj) ∈ F1, clusters of these
features, and pair-wise consistency measured between each
two spatial-pair features.
Building consistent configurations of object parts: The
next goal is to derive for each cluster of the spatial-pair
features (computed by the UFO) 2-D feature configurations
that will be as consistent as possible with the pair-wise off-
sets found in the previous step. Example configurations are
shown in figure 2. They are usually visually plausible in the
sense that they correspond to a repeating part configuration
in the object. Since each feature in a configuration is asso-
ciated with some object part, we call them ”part configura-
tions”. Let {(Fi1 , Fj1) , . . . , (FiL , FjL)} ⊂ F1 be a cluster

of spatial-pair features, and let
{
Ĝi1,j1 , . . . , ĜiL,jL

}
their

respective optimal offset models selected by the UFO. First,
we solve a 2D placement problem, where we define un-
knowns (xi, yi) for each feature Fi belonging to at least one
of the pairs in the cluster, and solve the following system of
linear equations, two equations for each pair in the cluster:

xil − xjl = μ̂il,jl (1) , yil − yjl = μ̂il,jl (2) (10)

where the μ̂il,jl (1) and μ̂il,jl (2) are the x and y compo-
nents of the mean. This linear system is solved by weighted
least squares with outlier rejection. The two equations of
each pair are weighted by the amount of uncertainty of the
respective optimal offset model, measured by the area of the

covariance:
∣
∣
∣Σ̂il,jl

∣
∣
∣. We also add two auxiliary equations

xi1 = 0 and yi1 = 0 with large weight, as the system (10)
is independent of the choice of the origin. The outlier rejec-
tion is implemented by removing pairs of equations corre-
sponding to maximal error, until the bound of at most one
pixel error is reached. The part configurations are obtained
as connected components (CC) of a graph whose nodes are
the features belonging to at least one of the spatial-pairs
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Figure 4. (a) Summary of the comparison of UFO and baseline
methods (pLSA, spectral) on the entire Caltech-101 dataset. For
each method the bar-plots show a cumulative histogram of detec-
tion probability PD at the point PFA = 0 (no False Alarms) on
the ROC. For example, bars placed between 0.2 and 0.3 count the
number of classes for which the tested methods achieved at least
20% detection with no false alarms; the pLSA achieved this for
42 of the 101 classes, compared with 78 classes for UFO with
MI consistency measure. We also analyzed the 27 classes with
PD < 20% for the JI consistency measure (the rightmost dark-red
bar). Only 13 classes produced < 5 class examples as top scoring
ones (getting 5 top examples at random in our 20% class setup has
probability < 0.0003); (b) Mean PD for PFA = 0 on all Caltech-
101 classes for each method; (c) Comparison on UIUC cars and
horses datasets.

from the cluster and whose edges are the pairs themselves.
The resulting configurations may then by used as ’hyper-
features’ for either detecting the learned objects in new im-
ages (e.g. using the ISM voting scheme proposed by [11])
or as input to subsequent invocations of the UFO in order to
build even more complex features.

3. Experimental Results

To test the proposed approach we applied it on a wide
range of classes from several datasets, including the en-
tire Caltech-101, UIUC cars [1], horses [3], hand poses
[16], a dataset of similar face views, and a dataset obtained
from querying Google’s image search. For every class from
the Caltech-101, UIUC cars, and horses datasets, the ex-
perimental protocol was to take all the class images mixed
with random selection of four times more background im-
ages from the Caltech backgrounds set. Thus in every un-
supervised set there were only 20% class images. Figure
4(a,b) summarizes the comparison of the UFO algorithm
with baseline approaches on the entire Caltech-101 dataset.
The comparison of the different consistency measures dis-
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Figure 5. Summary of the multi-sub-class unsupervised separation
experiment. The proposed method was applied for unsupervised
multi-class separation of face views and hand poses datasets. The
pLSA and spectral clustering baseline approaches performed sig-
nificantly worse with at least 20% difference in mean accuracy.
The images show examples of part configurations obtained for
each sub-class.

cussed in section 2.2 is also included in the figure 4(a,b).
The baseline methods are pLSA with 7 topics, and spectral
clustering (to 7 clusters) of the normalized cross correla-
tion of feature responses without parameter optimization.
In all the experiments UFO also computed 7 clusters. To
make a fair comparison, the UFO was applied with the se-
lection of threshold parameters but not geometry, since both
baseline approaches do not use geometry. Each of the com-
pared approaches generates feature clusters (pLSA topics
are soft feature clusters). The test for a good unsupervised
feature cluster is the extent to which it corresponds to the
unknown class. The score we have chosen to compare the
different approaches, is the detection probability PD at the
point PFA = 0 (no False Alarms) on the ROC. The rea-
son is that applications that will use the proposed approach
(or a baseline) for unsupervised extraction of class exam-
ples, will take top scoring examples and any errors in them
will hinder subsequent performance. We also got very sim-
ilar results in terms of the relative differences between the
methods for the point of 80% precision. For each method
and each class, the cluster with highest PD for PFA = 0
was taken into the comparison. The ROC for each pLSA
topic was generated according to the topic probability in
each image. For both the UFO and the spectral approach,
the ROC for each cluster was generated by simply summing
up the response vectors of features belonging to the cluster.
For UFO, the response vectors were thresholded using the
computed optimal detection thresholds (one for each fea-
ture) prior to the summation.

On figure 4c we show the results of the same comparison
on the UIUC cars and the horses datasets. Only the 170
uncropped and unaligned test images from the UIUC cars
dataset (mixed with random background images) were used
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Figure 6. (a) Comparison of unsupervisedly learned parameters
(using MI consistency measure) with optimal parameters obtained
in supervised setting with respect to MI. The mean histogram
was computed for 50 most informative features in 78 Caltech-101
classes for which the UFO succeeded (PD > 20% for PFA = 0).
The rightmost bin corresponds to perfect match. The density re-
mains almost unchanged when the histogram is computed for ei-
ther 2, 10, and 100 most informative features; (b) Evaluation of
car localization using the part configurations learned on UIUC cars
dataset. The histogram shows the error distribution of a detected
reference point with respect to manually marked ground truth.

in the experiment. Figure 6b illustrates the performance of
car localization using the part configurations learned on the
UIUC cars dataset. The part configurations were combined
using ISM [11] and voted for a single reference point.

In addition, we have compared the percent of features
originating in class images in the feature set returned by
the UFO with the percent of such features in codebooks re-
turned by the standard unsupervised feature selection and
quantization methods, namely k-means and [9], that are
extensively used in many current image classification ap-
proaches. The comparison showed that on our mix of
20% class 80% background images, the standard methods
produce codebooks containing on average 22 ± 8% class
features, while the UFO produces a set of features with
68±15% class features (statistics computed on all Caltech-
101 classes). Moreover, as can be seen in figure 2, the fea-
tures selected by the UFO mostly come from the class ob-
ject region of the class images, while it is likely that it is
not so for the standard algorithms (mostly the class objects
occupy less then 50% of the class images).

On two datasets, the hands (382 images, 6 poses, pro-
posed by [16]) and the faces (156 images, 5 views), the pro-
posed method was applied in an unsupervised multi-class
manner in order to simultaneously separate and learn all the
sub-classes. From the hand poses dataset only the test im-
ages were used. The resulting confusion matrices and the
computed part configurations for the relevant clusters are
shown in figure 5, showing perfect separation for face views
and high performance for hand poses.

Figure 6a shows comparison of the parameters learned in
the fully unsupervised setting by UFO with MI consistency
measure, with ground truth most informative (maximal MI)
parameters obtained with supervision. The comparison is



Figure 7. Summary of the experiment on 200 first images returned
by ”jaguar” Google’s image search query. 30 of them contained
(jaguar) animals the rest (jaguar) cars and noise. All processing
was done in grayscale. All images were normalized to same ver-
tical size. The green and the red boxes display first 20 images of
two of the clusters returned by the UFO. The cluster associated
with animals (green box), had 67% recall with 95% precision, and
83% recall with 72% precision in animal jaguar detection.

performed on the 78 Caltech-101 classes for which the UFO
(with MI) exceeded 20% detection with no false alarms.
Surprisingly, the unsupervised method learns globally op-
timal parameters for more then 40%, and near optimal pa-
rameters (MI ratio of ≥ 0.8) for about 80%, of the most
discriminative features. Finally, figure 7 summarizes the re-
sults of an experiment of unsupervised clustering of images
obtained from a query ”jaguar” to Google’s image search.

4. Discussion

The main novelty of the proposed approach is the
discovery of multiple classification features and their
detection parameters in the fully unsupervised setting by a
global optimization of their joint consistency as a function
of the detection parameters. The method can be applied to
both unsupervised and (weakly) supervised learning tasks,
as a method for reducing the dimensionality of the feature
space by selecting and optimizing most discriminative
features. It also proved useful as a method for unsupervised
sub-class discovery. Automatic separation into meaningful
sub-classes is an important tool for boosting object recog-
nition performance, as it allows to model each sub-class
individually. Future work includes extending the proposed
method for optimizing descriptor combination parameters,
testing additional consistency measures, and extending
to the temporal domain for unsupervised discovery of
consistent motion patterns, that could be applied to both
action recognition and motion based object recognition.
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UFO: Supplementary material

1. Consistency measures and their bounds

In this section we provide the proofs of the claims, stated in the paper, concerning the lower bounds for consistencies
measured between pairs of features. The proofs are given following the formulations of corresponding claims for three
out of the four consistency measures, considered in the paper, namely: Jaccard Index, Mutual Information and Suspicious
coincidence. The bound for the case of L2 obviously follows from the triangular inequality.

1.1. Jaccard Index (JI)

Claim 2.1

JI [Fi;Fj ] ≥ JI [Fi; C] + JI [Fj ; C]− 1
1

JI[Fi;C] + 1
JI[Fj ;C] − 1

(1)

Proof.
Here for convenience we treatFi, Fj andC (binary row vectors of lengthN in the paper) as sets of indices of ones in them.
Bar above a set means its complement.
Consider:

|Fi ∩ C| = JI[Fi, C] · |Fi ∪ C| ≥ JI[Fi, C] · |C|
|Fj ∩ C| = JI[Fj , C] · |Fj ∪ C| ≥ JI[Fj , C] · |C| (2)

Hence:

|F̄j ∩ C| = |C \ (Fj ∩ C)| = |C| − |Fj ∩ C| ≤ |C| − JI[Fj , C] · |C| (3)

And thus:

|Fi ∩ Fj | ≥ |(Fi ∩ C) ∩ (Fj ∩ C)| = |(Fi ∩ C) \ (F̄j ∩ C)| ≥
≥ |Fi ∩ C| − |F̄j ∩ C| ≥ JI[Fi, C] · C − (|C| − JI[Fj , C] · |C|) =
= (JI[Fi, C] + JI[Fj , C]− 1) · |C| (4)

Moreover:

|C| ≥ |Fi ∩ C| = JI[Fi, C] · |Fi ∪ C| ≥ JI[Fi, C] · |Fi| (5)

which means:

|Fi| ≤ |C|
JI[Fi, C]

(6)

Thus:

|Fi \ C| ≤ |Fi| − |C| ≤ |C|
JI[Fi, C]

− |C| (7)

1



Similarly:

|Fj \ C| ≤ |Fj | − |C| ≤ |C|
JI[Fj , C]

− |C| (8)

Hence:

|Fi ∪ Fj | ≤ |C ∪ (Fi \ C) ∪ (Fj \ C)| ≤ |C|+ |Fi \ C|+ |Fj \ C| ≤

≤ |C|+ |C|
JI[Fi, C]

− |C|+ |C|
JI[Fj , C]

− |C| =

=
(

1
JI[Fi, C]

+
1

JI[Fj , C]
− 1

)
· |C| (9)

Combining all the above expressions we finally get:

JI [Fi;Fj ] =
|Fi ∩ Fj |
|Fi ∪ Fj | ≥

≥ (JI[Fi, C] + JI[Fj , C]− 1) · |C|(
1

JI[Fi,C] + 1
JI[Fj ,C] − 1

)
· |C|

=

=
JI[Fi, C] + JI[Fj , C]− 1

1
JI[Fi,C] + 1

JI[Fj ,C] − 1
(10)

¥

1.2. Mutual Information (MI)

Claim 2.2
Assuming thatFi andFj are conditionally independent given classC, then:

MI [Fi; Fj ] ≥ MI [Fi; C] + MI [Fj ;C]−H (C) (11)

Proof.
Here for convenience we treatFi, Fj andC (binary row vectors of lengthN in the paper) as binary random variables with
joint distribution given by empirical distribution computed on the vectors (this is the ML approximation).
Consider:

H(Fi, Fj) ≤ H(Fi, Fj , C) = −
∑

Fi,Fj ,C

P (Fi, Fj , C) log(P (Fi, Fj , C)) =

= −
∑

Fi,Fj ,C

P (Fi, Fj , C) log(P (Fi, Fj |C) · P (C)) =

= −
∑

Fi,Fj ,C

P (Fi, Fj , C) log(P (Fi|C)P (Fj |C) · P (C)) =

= −
∑

Fi,Fj ,C

P (Fi, Fj , C) log(P (Fi|C))−
∑

Fi,Fj ,C

P (Fi, Fj , C) log(P (Fj |C))−
∑

Fi,Fj ,C

P (Fi, Fj , C) log(P (C)) =

= −
∑

Fi,C

P (Fi, C) log(P (Fi|C))−
∑

Fj ,C

P (Fj , C) log(P (Fj |C))−
∑

C

P (C) log(P (C)) =

= H(Fi|C) + H(Fj |C)−H(C) (12)



Thus:

MI(Fi, Fj) = H(Fi) + H(Fj)−H(Fi, Fj) ≥ H(Fi) + H(Fj)− [H(Fi|C) + H(Fj |C)−H(C)] =
= [H(Fi)−H(Fi|C)] + [H(Fj)−H(Fj |C)]−H(C) =
= MI(Fi, C) + MI(Fj , C)−H(C) (13)

¥

1.3. Suspicious Coincidence (SC)

Claim 2.3
Assume the eventsFi = 1 andFj = 1 are conditionally independent given the eventC = 1, then:

SC [Fi;Fj ] ≥ SC [Fi; C] · SC [Fj ; C] · P (C = 1) (14)

Proof.
Here for convenience we treatFi, Fj andC (binary row vectors of lengthN in the paper) as binary random variables with
joint distribution given by empirical distribution computed on the vectors (this is the ML approximation).

SC [Fi; Fj ] =
P (Fi = 1, Fj = 1)

P (Fi = 1)P (Fj = 1)
=

=
P (Fi = 1, Fj = 1|C = 1)P (C = 1) + P (Fi = 1, Fj = 1|C = 0)P (C = 0)

P (Fi = 1)P (Fj = 1)
≥

≥ P (Fi = 1, Fj = 1|C = 1)P (C = 1)
P (Fi = 1)P (Fj = 1)

=

=
P (Fi = 1, C = 1)P (Fj = 1, C = 1)P (C = 1)

P (Fi = 1)P (C = 1)P (Fj = 1)P (C = 1)
=

= SC [Fi; C] · SC [Fj ; C] · P (C = 1) (15)

¥



The chains model for detecting parts by their context

Leonid Karlinsky Michael Dinerstein Daniel Harari Shimon Ullman
{leonid.karlinsky,michael.dinerstein,danny.harari,shimon.ullman}@weizmann.ac.il

Weizmann Institute of Science, Rehovot 76100, Israel

Abstract

Detecting an object part relies on two sources of infor-
mation - the appearance of the part itself, and the context
supplied by surrounding parts. In this paper we consider
problems in which a target part cannot be recognized re-
liably using its own appearance, such as detecting low-
resolution hands, and must be recognized using the con-
text of surrounding parts. We develop the ‘chains model’
which can locate parts of interest in a robust and precise
manner, even when the surrounding context is highly vari-
able and deformable. In the proposed model, the relation
between context features and the target part is modeled in a
non-parametric manner using an ensemble of feature chains
leading from parts in the context to the detection target. The
method uses the configuration of the features in the image
directly rather than through fitting an articulated 3-D model
of the object. In addition, the chains are composable, mean-
ing that new chains observed in the test image can be com-
posed of sub-chains seen during training. Consequently,
the model is capable of handling object poses which are
infrequent, even non-existent, during training. We test the
approach in different settings, including object parts detec-
tion, as well as complete object detection. The results show
the advantages of the chains model for detecting and local-
izing parts of complex deformable objects.

1. Introduction

Two main sources of information can be used for detect-
ing a part of interest of an object: the appearance of the part
itself, and the context supplied by surrounding parts. In the
current paper we focus on detecting the location of a part
of a deformable object using the context supplied by other
parts of the object (denoted ‘internal context’ below). We
also show that the same approach can be used to detect com-
plete objects using the internal context of their parts. The
detection of object parts and objects are interrelated tasks,
since object parts can be used for detecting the objects, and
the internal context of the object can be used to detect parts.
Below, we briefly review existing recognition systems from

(a) (a)

(c) (c)

(b) (b)

Figure 1. Overview of the proposed approach. (a) The goal is to
detect object parts (e.g., hand, hoof) of deformable objects (e.g.,
person, horse) in still images, when the parts of interest are not
recognizable on their own; (b) During testing, the inference graph
of the chains model is constructed for each test image and used
to compute the chains model posterior for the detected part. The
edges are color-coded according to their weights (red=high). (c)
Star marks the global maximum of the posterior.

the point of view of how they specify the relative locations
of object parts, and their ability to detect a part of interest
specified to the system, using the surrounding context.

Existing approaches can be divided into several groups
depending on the way they model geometric relationships
between parts. The simplest methods do not explicitly
model feature geometry; for example, the so called bag-
of-features approaches, such as [25, 3]. Another popular
approach models feature geometry by a star model that al-
lows each object part to have a region of tolerance relative
to some object reference point (star center) [16, 8, 13]. The
constellation model [9] allows more flexible joint Gaus-
sian relationships between object parts. Finally, there are
models that try to capture more complex feature geometry,
such as feature hierarchy [6, 23], articulated spring models
[7, 21, 10, 2, 14, 5] and level-set methods [22]. In terms
of object and part localization, the bag-of-features meth-
ods provide only a rough estimate of object location as a
cluster of relevant features. The star and the constellation
models provide more specific object and part localization,
but they are particularly suitable for semi-rigid objects and
they do not focus on the detection of specific parts of inter-
est. Feature hierarchies provide more flexible geometry, but
are much more complex to learn, and in current approaches

1



[6, 23] are still restricted to semi-rigid objects. Finally, ar-
ticulated models and level-set methods assume a known a-
priori model of object deformation (with the exception of
[21]). Such models may encounter problems when the de-
formations are complex and only partially covered by the
training examples. Moreover, most existing approaches (ex-
cept [3]) train a relatively small feature codebook (e.g., ob-
tained through quantization of randomly sampled patch de-
scriptors), and all geometric approaches train a fixed model
for the spatial arrangement of these features. One problem
with using a feature codebook and a fixed spatial model is
that they are trained to fit well the majority of the train-
ing examples, while infrequent object poses in the training
set are usually underrepresented. This is reflected both in
the lack of features for these poses, as well as in the spa-
tial model that does not fit well the infrequent poses. This
problem becomes particularly significant when the task is
the detection of parts of a highly deformable object, such as
hand detection, since many of the possible object poses are
infrequent in the training set.

The goal of the proposed approach is to obtain precise
localization of parts of highly deformable objects. An ex-
ample goal would be detecting the hand location in images
of people captured from a distance or in a pose that does
not allow detecting the hand reliably based on its own ap-
pearance. The approach is different from past approaches in
several respects. First, the model focuses on detecting parts
of interest, whereas many recognition models focus on the
detection of the object itself, and ambiguous parts may be
missed during recognition. Second, the way it captures geo-
metric relations between features is neither through a semi-
rigid model, such as a star or a constellation, nor through
an articulated model fitted to the majority of the training
set. Instead, we propose a new non-parametric probabilis-
tic model (the chains model) and its associated inference
algorithm, which can efficiently handle complex non-rigid
feature configurations. This is obtained by using multiple
feature chains leading from potential source features to the
target part. Third, instead of using a relatively small fea-
ture codebook, all of the relevant features extracted from
the training images are retained and efficiently used dur-
ing the testing. Consequently, the model is able to repre-
sent information from all training images, including images
containing rare poses. Fourth, all relative pair-wise spatial
configurations of the relevant features extracted from the
training images are retained and used to build the geometric
model for the features on the test image. As a result, even
rare poses are not under-represented, both in terms of the
features as well as in terms of their geometric model. An
overview of the approach is given in figure 1.

The remainder of the paper is organized as follows. Sec-
tion 2 describes the proposed approach and its implemen-
tation details. Section 3 describes the experimental valida-

tion. Summary and discussion are provided in section 4.

2. Method

This section describes the proposed ‘chains model’, the
associated feature selection approach and the implementa-
tion details of the method. For clarity, the hand detection
task will be used for illustrating the proposed method. In
addition, we describe the use of the method for full object
detection in section 2.3.

Intuitively, the chains model describes an assembly of
feature chains of arbitrary length that start at some known
reference point on the object, such as an automatically de-
tected face, and terminate at the detection target, such as the
hand. The chains model is a generative model for the set of
features extracted from the test image. It generates some of
the features by creating a feature chain between the source
(face) and the target (hand) parts. The rest of the features
are generated independently out of the ’world’ distribution,
i.e. marginal distribution over all images. During inference,
we marginalize over all possible feature chains between the
face and the hand. This is shown to be equivalent to sum-
ming over simple paths in a graph connecting the features
extracted from the test image, with edge weights that are
related to the so-called suspicious coincidence between the
neighboring features. We show how we can approximate
the solution of the inference problem by a simple computa-
tion using the adjacency matrix of the constructed graph.

In the algorithm, the method for estimating different em-
pirical probabilities of the features is similar to the one used
by [3], and is based on Kernel Density Estimation (KDE)
over neighbors computed using the Approximate Nearest
Neighbor (ANN) technique. The details of this computa-
tion are described in section 2.5.

2.1. Feature extraction

For each image In (training or test), the face location is
detected using an off-the-shelf method (we used [13]). De-
note the location of the detected face by `fn =

(
xfn, y

f
n

)

and its horizontal size of by sn. All other distances, off-
sets and patch sizes are computed relative to sn, eliminat-
ing the dependence on the scale of the person. We extract a
dense set of features centered on all edge points of In (de-
tected by [18]) sampled with a spacing of min(0.2 ∙ sn, 4)
pixels. Denote the set of extracted features by Fn ={
f jn =

〈
SIFT jn, X

j
n

〉
|j = 1, 2, . . . , kn

}
, where kn is the

total number of features extracted from image In, SIFT jn
is the SIFT descriptor (128-D row vector) [17] of feature
j from image In, computed for sn × sn sized patch cen-
tered at location Xjn (2-D row vector). For training images
only, we also denote the marked hand location in image In
by `hn =

(
xhn, y

h
n

)
. For training and quantitative evaluation,

ground truth hand locations were semi-automatically iden-
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Figure 2. (a) Chains model applied for part detection. The unob-
served variable Lh is the location of the target part (e.g. hand).
Lf = `fN is the observed location of the reference part (e.g. face)
in image IN . The edges symbolize the chains ‘feature graph’
constructed over the set of observed features

{
F j = f jN

}
. Unob-

served variables T andM (affecting all the nodes) select a simple
path T (red) of lengthM on the graph. Features not on this path
are generated from their respective ‘world’ distributions. During
inference we marginalize over T andM , summing over paths on
the graph going from the reference part to each candidate loca-
tion of the target part. (b) Chains model applied for full object
detection as an extended star model. (c) Star model. Unobserved
binary variables Aj (one per feature), control whether the feature
is generated with respect to the star center or from its ‘world’ dis-
tribution.

tified in some of the hand detection experiments. In these
experiments a colored glove was used for fast and simple
hand tracking, using a color blob tracker with manual ini-
tialization. Although color was used to obtain the ground
truth, both training and testing of the chains model were
performed on grayscale images in all of the experiments. In
addition, experiments on external datasets (of [5] and [10])
verified the proposed approach on people without gloves.

2.2. Feature selection for target (hand) detection

The training stage proceeds as follows. The algorithm
receives a set of training frames in which a person per-
forms various hand movements. At each frame, both the
hand and the face locations are marked by a single point
each, as described in Section 2.1. No motion information
is used. The feature selection procedure then retains 100
features with highest likelihood ratio from each training im-
age. The ratio Λjn for feature f jn in image In is computed as:

Λjn =
P(Lh=`hn,F

j=fjn,L
f=`fn)

P(Lh 6=`hn,F j=f
j
n,Lf=`

f
n)

where the random variables

Lh and Lf designate the hand and face locations respec-
tively, and F j is a random variable for the j-th observed fea-
ture. Throughout the paper we will use a shorthand form of
variable assignments, e.g., P

(
`fn
)

instead of P
(
Lf = `fn

)
.

As we found in our experiments, this feature selection crite-
rion favors features whose presence correlates with the tar-
get part location (e.g., many arm features were automati-
cally selected for hand detection). The probabilities used to
compute Λjn are estimated as described in section 2.5.

2.3. The chains model

Model definition. The chains model is a generative model
for the features extracted from the test image IN . The
observed variables of the model are the extracted features
FN =

{
F j = f jN =

〈
SIFT jN , X

j
N

〉}
and the detected

face (source part) location Lf = `fN . The upper index
j of the features is according to some arbitrary order of
the feature extractor (the order is immaterial for the sub-
sequent computation). The unobserved variables are the lo-
cation of the hand (target part) denoted by Lh, an arbitrary
lengthM and an ordered list of feature indices denoted by
T = 〈T (1) , . . . , T (M)〉, where 1 ≤ T (i) ≤ kN . kN is
the number of features extracted from image IN . The list T
defines a simple chain of features (i.e., without repetitions).
The joint distribution of all these variables is taken to be:

PCH

(
M,T,Lh, `fN ,

{
f jN

})
= P (M,T ) ∙

P
(
Lh
∣
∣
∣f
T (M)
N

)
∙
M−1∏

m=1

P
(
f
T (m+1)
N

∣
∣
∣f
T (m)
N

)
∙

P
(
f
T (1)
N

∣
∣
∣`fN

)
∙ P
(
`fN

)
∙
∏

j /∈T

PW

(
f jN

)
(1)

In this expression, along the chain we use the conditional
probability of each feature given its chain predecessor, and
for features outside the chain we take the independent prod-
uct of their ‘world probabilities’. The distribution P (M,T )
is taken to be uniform over simple chains of length up to
M = 4 and such that locations of neighboring chain fea-
tures are neither too close nor too far apart (i.e for any

1 ≤ m < M : 12sN ≤
∥
∥
∥X

T (m+1)
N −XT (m)N

∥
∥
∥ ≤ 3

2sN ).

PW

(
f jN

)
is the ‘world’ probability for generating the fea-

ture f jN , i.e., the probability to observe f jN either on the ob-

ject or in the background. PW
(
f jN

)
is used to generate all

of the features that lie outside the chain T . P
(
f
T (1)
N

∣
∣
∣`fN

)

is the conditional probability for transition from the face to

the first feature on the chain, and P
(
Lh
∣
∣
∣f
T (M)
N

)
is the

probability of transition from the last feature on the chain
to the hand. All of these probabilities will be explicitly de-
fined in section 2.5. We next divide the joint PCH by the

term
∏
fjN∈FN

PW

(
f jN

)
, which is fixed for a given image

IN , thus rewriting the joint in an equivalent form as:
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)
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Here, P
(
f
T (m)
N

)
is the marginal of the pairwise probabil-

ity: P
(
f
T (m+1)
N , f

T (m)
N

)
. The chains model is schemati-

cally illustrated in figure 2a.
Inference. The goal of the inference is to compute the pos-
terior distribution over the hand locations:

PCH

(
Lh | `fN ,

{
f jN

})
∝
∑

M,T

PCH

(
M,T,Lh, `fN ,

{
f jN

})

To compute this posterior, we define a directed weighted

‘feature graph’GN . The nodes ofGN are
{
f jN

}
, and edges

connect all pairs of features f jN and fkN for which 12sN ≤∥
∥
∥XkN −X

j
N

∥
∥
∥ ≤ 3

2sN . The weight on the directed edge

from node fkN to node f jN is wjk =
P(fjN ,f

k
N)

PW (fjN)∙P(fkN)
(a ratio

similar to ‘suspicious coincidence’). The adjacency matrix
AN of GN is a matrix in which entry jk is equal to wjk if
the directed edge from fkN to f jN exists in GN and is zero
otherwise. Using this notation, the marginal over chains of
length smaller or equal toM can be computed as:
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∣
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{
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∝
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M,T

PCH
(
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)
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D ∙ C∗ ∙ S ≈ D ∙ C ∙ S, where C =
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m
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
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where rectangular brackets denote row vectors. Here S
is the source vector containing edge weights between the
source part and its neighbors; C∗ is the chains matrix, where
entry jk is the sum of products of weights on all simple
paths going from node k to node j in the graph GN ; and
D is the target vector containing the edge weights between
the target part and its neighbors. The matrix C is used as an
easily computable approximation of C∗, obtained by sum-
ming over all paths of length≤M , and not only over simple
paths. The reason to use an approximation is that computing
k best simple paths is costly [12], and in our experiments we
have found the simple approximation to be sufficient. Entry
jk of the adjacency matrix (AN )

t is the sum of the weights

of all directed paths of length t going from node k to node
j, where the weight of a path is a product of weights of
edges on it. Consequently, finding Lh that maximizes eq.
3 is equivalent to max-marginal inference over the poste-
rior of the chains model. Thus the inference in the model
is simple and straightforward, involving only a few matrix
multiplications. Interestingly, it is also possible to com-
pute in a similar manner the Maximum A-Posteriori (MAP)
inference for the chains model, using the observation that
r
√
ar + br →

r→∞
max (a, b). Raising each entry of D, AN

and S to a sufficiently large power r, obtaining the respec-
tive Dr, ArN , Sr, and Cr =

∑M−1
m=0 (A

r
N )
m, and maximiz-

ing r
√
Dr ∙ Cr ∙ Sr becomes equivalent to a MAP inference

for the chains model. We have experimentaly observed that
using a combination of MAP and max-marginal inference
attains the best performance. We maximize D ∙ r

√
Cr ∙ Sr,

where the r-th root here is taken entry-wise. This is equiva-
lent to maximizing a sum over all of the features in terms of
their votes for possible hand locations, where each feature
vote is determined by the single maximal chain reaching it
from the source part. We use this method with r = 10 in all
our experiments. Finally, it is also possible to use the same
set of selected features for detecting multiple object parts
by replacing the vector D with a matrix in which each row
corresponds to a part being detected.
Star as a special case. Noteworthy, setting C = I in eq.
3 reduces the chains model to a variant of the popular star
model illustrated in figure 2c. This variant allows each fea-
ture to independently choose to be generated either by the
object or the world distributions. The proof of this reduc-
tion and the detailed description of the star model variant
are beyond the scope of the current paper and are provided
in supplementary material. In section 3 we quantitatively
show the advantage of the chains model over the star model
for highly deformable part detection.

2.4. Full object detection

The chains model can also be applied with some modi-
fications to the task of full object detection. Similar to part
detection, the model can use the test image features to point
at the object location, either directly, or via intermediate
feature chains (see figure 2b). In this section we describe
how to apply the chains model to object detection. In the
final discussion we consider the integration of objects and
object parts detection within the chains model.

For detection at the object level, we eliminate the detec-
tion of the chain’s source part, thereby allowing an arbitrary
source location. As we no longer have a reference scale (ob-
tained from the source size), the features’ SIFT descriptors
are computed for patches of a fixed predefined size (20×20
pixels). Instead, multi-scale support is achieved by testing
each image at multiple scales. The training stage runs on a
set of positive images (with objects roughly aligned in lo-
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1 ‘all k’ - all of the features extracted from the training images; ‘selected k’ - only the selected features; ‘selected m and l’ - pairs of selected features.

A selected feature fkti is a valid neighbour of a query feature f jN iff f jN is within≤ θkti from fkti , where the threshold θkti is such that
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, the location component of the feature, i.e. XjN , is assumed to be distributed uniformly.

3 O is binary and Oti = true means that Iti is a positive training image.
4 α∗ = 1/s∗ is a scale factor, where s∗ is the horizontal size of the face in image I∗. (∗) stands for n,N, ti
5 To limit the set of features reachable directly from the source part, we set P
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6 To limit the set of features that can vote for the target part, we set P
(
Lh
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7 For speed, we query using only SIFT jN and add the offset component directly to the KDE.
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∥
∥
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`hti −X
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− αn ∙
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{
HandDistkti ≤ 0.75, for (1)
HandDistkti > 0.75, for (2)

9 {It1 , . . . , ItR} denotes the set of the training images.

Table 1. Computations of all the required model probabilities using ANN queries. A query for a vector V in a set S returns a set of k
neighbors, from which the estimated probability is computed by Gaussian Kernel Density Estimation -KDE(V, S).

cation and scale), and negative background images. In the
feature selection stage, features are selected by their log-

likelihood ratio defined as: Λjn = log
P(O=true,fjn)
P(O=false,fjn)

where

O is a binary variable designating the presence of the object
in an image. We retain up to 100 features with the highest
positive log-likelihood ratio from each positive training im-
age. By allowing chains to originate at any node (not just
in `fn), i.e. substituting P

(
fknn , `

f
n

)
with P

(
fknn
)

in eq.
3, detection of the full object and its parts can be obtained
without requiring a pre-detected reference part.

2.5. Probability estimates by ANN-based KDE

We next show how to efficiently compute, from the train-
ing data, all of the probabilities used in the model and
during the feature selection. These probabilities are com-
puted using Kernel Density Estimation (KDE). Given a set
of samples from a distribution of interest {Y1, . . . , YR}, a
Gaussian KDE estimate P (Y ) for the probability of a new
sample Y can be approximated as:

P (Y ) ∝
1

R
∙
R∑

r=1

exp
(
−‖Y − Yr‖

2
/
2σ2
)

≈
1

R
∙
∑

Yr∈NN

exp
(
−‖Y − Yr‖

2
/
2σ2
)

(4)

where NN is the set of nearest neighbors of Y within the
given set of samples. When the number of samples R is

large, brute-force search for the NN set becomes infea-
sible. Therefore, we use Approximate Nearest Neighbor
(ANN) search (in the implementation of [19]) to compute
the KDE. For a given training image In or test image IN ,
table 1 describes the computation of all the required model
probabilities. In each case, the computation is based on an
ANN query. The query returns a set ofK nearest neighbors,
and the Gaussian KDE is applied to this set to get the esti-
mated probability. The accuracy of all of the computations
depends on the size of the NN set. In our experiments we
found that it is sufficient to use K = 25 (which was used

throughout). We used σ =
{
0.5 , for P

(
fkn , f

j
n

)

0.35 , otherwise
. Dif-

ferent value for P
(
fkn , f

j
n

)
is due to the higher dimension-

ality of the associated ANN query, which leads to accuracy
loss of the ANN implementation of [19].

3. Results

For the task of hand detection, the chains model was
compared with two types of models: a star model (de-
scribed in the supplementary) and state of the art methods
specialized for human pose estimation [10, 2, 14, 5]. The
star model we used is a high performance method, which
gives state of the art results on several standard classifica-
tion datasets. The comparisons were performed on several
datasets including three collected by us, two ‘sign language’
datasets collected by [5], and the ‘Buffy’ dataset collected
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Table 2. Comparison of hand detection results of the chains model
and the star model applied on ST, PCG and Horse datasets in vari-
ous test scenarios. The columns titled ‘1 max’, ‘2 max’, etc., mea-
sure the detection performance within the top k local maxima after
non-maximal suppression with the radius of 0.25 face width. In all
of the scenarios, the standard deviation of the chains performance
is about 4%. In the full generalization scenario the performance of
[2] is 38.6%. In the horse hoof detection experiment, the reason
for the 63% in the ‘1 max’ vs. 90.3% in ‘2 max’, is that the sys-
tem had a hard time distinguishing between the front-left and right
hoofs. This distinction was found confusing to humans as well.

by [10]. Details of the datasets are described in section 3.1.
All the compared approaches, except [5], were applied to
each frame independently, without using any tracking or
motion information. Our method was applied to grayscale
versions of the images, while most of the compared ap-
proaches [10, 14, 5] use color information. In all of the
experiments, the chains model detection of the hand was
considered correct if it was within one hand width (1/2 face
width) from the ground truth location. On our datasets the
hand detection accuracy was evaluated for the right hand
only. On all of the external datasets (not created by us),
hand detection accuracy was evaluated for both right and
left hands. For the external datasets, the compared meth-
ods’ results were taken out of the original publications. We
also compared with [2] on our own dataset using the origi-
nal code kindly provided by the authors. The hand detection
experiments are described in section 3.1 and the results are
summarized in tables 2 and 3.

Evaluation of the full object detection was conducted on
two datasets: UIUC cars [1] and Weizmann Horses [4]. We
compare our performance to the star model (supplementary)
and to state of the art methods [20, 16, 15, 11, 24] on these
datasets. The experiments are described in section 3.2 and
the results are summarized in table 4. Qualitative results for
both hand and object detection are shown in figure 3 and in
the supplementary material.

3.1. Hand Detection

Our datasets. For our experiments, we collected three
datasets denoted by ‘ST’, ‘PCG’, and ‘Horse’. The ST
dataset consists of four movies (about 3000 frames each)
of four different people performing various hand move-
ments. The PCG dataset has 12 movies of 12 different peo-
ple (about 600 frames each). The Horse dataset consists of
a single movie of a running horse (1331 frames). For the

46.1561,239.21-59.356.753.947Buffy

--78.951-96.795.492.884.95 signers

--86.37195.699.699.59996.8BBC news

1 max1 max1 max1 max4 max3 max2 max1 maxSetting

[2][10][14][5]Chains

Table 3. Comparison of hand detection results of the chains model
and past methods applied on sign language and Buffy datasets. (1)
[10, 14] reported average of detections of all 6 upper body parts.
We believe this can be considered an upper bound on the hand de-
tection percentage since the method by Andriluka et al. [2] that
achieves 46.1% correct lower arm detection obtained 73.5% av-
erage detection for all the 6 body parts. (2) Result of [10] was
obtained on 88% of frames in the dataset using foreground seg-
mentation, 41% - without using foreground segmentation.

Horse dataset the ground truth was obtained by manually
marking the front left hoof and the head locations. Exper-
iment on the Horse dataset demonstrates that, unlike meth-
ods tailored to the human body, exactly the same chains
model algorithm (using the same parameters) can be used to
detect deformable parts of both humans and animals. The
experiments on our datasets were divided into three differ-
ent test scenarios. The ST and the Horse datasets were used
for testing in the ‘self-trained’ scenario. The first 1000-
1500 frames of each movie sequence in the dataset were
used for training and the rest were used for testing. The
PCG dataset was used to test cross-generalization between
different people in different clothing. The experiment was
performed in a leave-one-out manner: each of the twelve
movie sequences present in the dataset was used for test-
ing while the remaining sequences were used for training.
Finally, the ‘full-generalization’ scenario included training
on all frames of the PCG dataset, and testing on the ST
dataset training frames (having the widest variety of poses).
This scenario tested both the generalization to new people
and clothes, as well as to new unseen background. Two
of the four people in ST dataset were present (in differ-
ent clothing) in the PCG dataset and were excluded from
the PCG training in their respective tests. The method of
[2] attained 38.5% hand detection rate on the ST dataset.
Its performance is to be compared with the results of the
‘full-generalization’ scenario of our method since it was not
trained on any of our training data. Although [2] was not
given the detected face locations, it detected the face cor-
rectly in all but a very few test frames.

Sign language datasets. These two datasets include a
‘BBC news’ dataset containing a full BBC news sequence
with a single signer, and a ‘5-signers’ dataset - a collection
of frames from 5 news sequences, with different signers.
Both datasets were collected by [5]. On the BBC news
dataset the experiment was performed in a ‘self-trained’
fashion. We have manually marked the ground truth hand
locations for the first 3115 frames. The first 600 frames
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Chains model[11][24]Method
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Table 4. Comparison between different methods by precision-
recall at EER: (a) UIUC car testset; (b) Weizmann Horses dataset,
the larger advantage of the chains may be related to fact that horses
are somewhat more flexible than rigid 3-D objects, such as cars.

were used for training and the remaining 2515 frames were
used for testing. This is compatible with the experiment
of [5], who also trained and tested on the same sequence.
Notably, [5] used color and tracking cues, and quantita-
tively tested only on 296 frames. On the 5-signers dataset,
the experiment was in the ‘full-generalization’ mode. All
195 frames of the 5-signers dataset were used for testing
the model trained on the first 600 frames of the BBC news
dataset. We consider our setting to be more challenging
than the one used in [14], who trained and tested on the
same signers in their 5-signers dataset experiment.
Buffy dataset. The ‘Buffy’ dataset was collected by [10].
It contains frames selected from 4 episodes of the popular
series ‘Buffy the Vampire Slayer’. The methods we com-
pared with used frames from the first 3 episodes for test-
ing (308 images) and the 4th episode is reserved for train-
ing. In our experiment on this dataset, we have trained the
chains model on our PCG dataset plus 5 additional short
movie sequences of standing people we shot in our lab. The
reason for using additional movies is that the PCG dataset
contained only sitting people, while ‘Buffy’ dataset consists
mostly of standing people. Ground truth face locations were
used. We do not consider this to be a significant advantage
since the top competing method [2] achieved 96% correct
head detection and thereby mostly had the correct head lo-
cations as well. Since most of the Buffy frames are very
dark and of low contrast, histogram equalization was ap-
plied to all of the frames.

3.2. Full object detection

Car Detection. The UIUC car dataset contains side-view
images with one or more cars. Using 550 positive and 500
negative training images and 200 cars in 170 test images of
the UIUC single scale dataset, the chains model achieved
the recall of 99.5% at precision-recall Equal Error Rate
(EER). In addition, to test cross-dataset generalization, we
replaced the original UIUC training set with Caltech-101
cars, still achieving a competitive recall of 93.4% at EER.
Horse Detection. The Weizmann Horses dataset consists
of 323 side-on horse images in natural environments. The
horses vary in breeds, textures, and articulations. The
chains model achieved 97.5 ± 1% recall at EER computed
by a 3-fold cross-validation (with 500 negative images).

Figure 3. Qualitative examples, see supplementary for more ex-
amples and movies. Demonstrates hand detection for people in
various environments, poses and clothing. Object detection is il-
lustrated by horse detection, chains posterior is overlayed on the
image (red = high posterior), star marks the global maximum.

4. Discussion

The chains model described in this paper locates parts of
interest in a robust and precise manner, even when the sur-
rounding context is highly variable and deformable. Three
properties of the chains model make it particularly useful
for this task. First, evidence is combined in a flexible and
comprehensive manner: for a given part, information from
all other parts which can supply evidence regarding the
part’s location, either directly or indirectly via other parts,



is used. Second, the computation efficiently combines ev-
idence in parallel from a large number of chains and sub-
chains. Finally, it is a non-parametric model, in which the
required probabilities are derived for a new image using all
the information stored during training. Moreover, the prob-
abilities are estimated using nearest neighbors, which can
handle effectively feature configurations that are relatively
infrequent in the training data. Another useful property of
the model is that it uses image features directly, without re-
lying on domain-specific parametric models, such as mod-
els that use articulated skeletons of humans and animals.

Recognition at the full object level is naturally included
in the scheme, since chains in the model lead to a target,
which can be either a part or the full object. At the ob-
ject level, the chains model can be viewed as an extended
star model, and consequently the performance in object de-
tection is competitive with similar top-performing schemes
in the domains tested. The chains model can then use par-
tial detection obtained during the first recognition phase as
sources for the recognition of additional, difficult to detect,
parts, embedded in deformable context. The detection of
ambiguous parts by the chains model can also be naturally
combined with other recognition schemes: partial results
obtained by other recognition schemes can be augmented
by serving as sources for disambiguating chains.

The training of the chains model for the part detection
task requires training images with labeled reference and tar-
get parts. In practice, these can often be obtained automati-
cally; for example, for hand detection, we used a face detec-
tor and a colored glove tracking. More generally, the model
can be trained to generalize from cases in which the target
part is recognizable on its own, to cases in which it is not.

Regarding future directions, the chains model may be
extended to provide a useful component for scene recog-
nition at multiple levels: chains can connect parts and ob-
jects, as well as related objects in a scene, providing a ve-
hicle for the use of context in the recognition of scenes, ob-
jects and parts. Finally, it would be interesting to extend the
chains model to deal with video input by developing spatio-
temporal chains, traversing features within a frame as well
as across nearby frames in a video sequence.
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This manuscript contains the supplementary material for the paper: ‘The chains model for detecting parts by
their context’. Section 1 describes the movies, provided within the current supplementary, showing examples of
deformable part detection on various datasets and scenarios. Section 2 describes in details the star model being a
special case of the chains model and provides the proof of the corresponding reduction. And finally, figures 2, 3,
and 4 depict more additional examples of hand and car detection on ‘5-signers’, ‘Buffy’, and UIUC cars datasets
respectively. The aforementioned datasets are described in the paper.

1. Movies

Five movies are provided together with this supplementary material. They contain sample results of different
deformable part detection experiments. The quantative evaluation of the results for all of these experiments can
be found in the paper. To view the movies it is necessary to have the Xvid codec installed. The codec can be
found within K-lite codec pack:

http://www.codecguide.com/download kl.htm

The movies illustrating the results of various experiments performed on our datasets are:

1. ‘self trained ST Xvid.avi’ - shows a sample result of the self-trained experiment on the ST dataset.

2. ‘person cross generalization PCG Xvid.avi’ - contains a sample result of the person-cross-generalization
experiment on the PCG dataset.

3. ‘full generalization ST Xvid.avi’ - provides example results of the full-generalization experiment on the
ST dataset.

In these movies, only the right hand of the person is being detected. A green star marks the detected location of
the right hand. Red color inside the star means that the star shows the location of the first maximum of the chains
model posterior, and green color means that the star depicts the location of the second maximum. The frame-rate
of the movies was increased in order to meet the size restrictions of the supplementary submission regulations.
The movie ‘self trained Horse Xvid.avi’ shows the result of the horse hoof detection experiment. The green

star marks the detected location of the front left hoof of the horse (meaning front left from the point of view of the
horse). Again red color inside the star means 1st maximum, green - the 2nd maximum, and (in case of the horse
only) no color inside the star means the 3rd maximum.
Finally, the movie ‘self trained BBC news Xvid.avi’ demonstrates results of the self-trained experiment on

the ‘BBC news’ dataset. Both right and left hands are being detected. The detected location of the right hand is
marked as above, and the detection of the left hand is marked by a yellow star. The colors inside the stars are as
above, red means the 1st maximum, and green (or yellow) - the 2nd maximum.

1



Star model
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Figure 1. Star model. The observed variables
{

F j = f jN
}

are the features extracted from the test image IN . The

unobserved variable Lh is the location of the star center (the detection target). Unobserved binary variables Aj (one per
feature), control whether the feature is generated with respect to the star center or from its ‘world’ distribution.

2. Appendix: Star as a special case of the chains model

We show here that a variant of the popular star model is in fact a special case of the chains model presented
in the paper. This variant allows each feature to independently choose to be generated by the object or the world
distributions. Consider the following generative star model, also illustrated graphically in figure 1:

P
(

Lh,
{

F j = f jN

}

,
{

Aj
}

)

=

P
(

Lh
)

·

kN
∏

j=1

P
(

Aj
)

·

kN
∏

j=1

P
(

F j = f jN
∣

∣Aj , Lh
)

(1)

where Lh is the unobserved star center (detection target) location and we assumeP
(

Lh
)

is uniform,
{

f jN | 1 ≤ j ≤ kN

}

are the features extracted from the test image IN , and A
j is an unobserved binary variable with P

(

Aj = 1
)

= α
that controls whether the j-th feature F j is generated by the object or the world distributions, namely:

P
(

F j = f jN
∣

∣Aj , Lh
)

=







P ∗
(

F j = f jN
∣

∣Lh
)

if Aj = 1

PW

(

F j = f jN

)

if Aj = 0

where PW

(

F j = f jN

)

is the ‘world’ probability of the feature f jN that is defined in the paper, and the probability

P ∗ is defined as:

P ∗
(

F j = f jN
∣

∣Lh
)

∝ P ∗
(

F j = f jN , L
h
)

=

P
(

Lh
∣

∣

∣
F j = f jN

)

· Pobj

(

F j = f jN

)

(2)

where P
(

Lh
∣

∣

∣
F j = f jN

)

is defined as above and Pobj

(

F j = f jN

)

is the ‘object’ distribution of the feature f jN .

It is proportional to P
(

F j = f jN

)

defined in the paper when there is no observed source part Lf , and to

P
(

F j = f jN , L
f = ℓfN

)

when there is one (see paper section 2.5 and table 1 for details).

We show below that this star model is equivalent to using the chains model with chains of length one. In the
star model, inference for the posterior of the center location involves the following marginalization over unobserved
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variables Aj (here equivalence ∼ is in terms of maximizing the posterior):

logP
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where
∑kN
j=1 log

[

(1− α) · PW

(

F j = fj
N

)]

is a constant independent of Lh and γ = (1−α)/α. The transition (∗) follows

from log (1 + ε) ≈ ε for ε << 1, and from

P ∗
(

F j = f jN
∣

∣Lh
)

γ · PW

(

F j = f jN

) << 1 (4)

since we can take γ to be large, reflecting the fact that most features are generated from the background distribution.

The distribution PCH

(

Lh
∣

∣

∣

{

F j = f jN

})

is exactly the marginal distribution of the chains model restricted to

chains of length one. The approximate chains model posterior distribution of Lh is D · C · S (see the paper, page
4, eq. 3). For a star model C = I, therefore the star model posterior is equal D ·S. In the paper we quantitatively
show the advantage of the chains model over the star model for highly deformable part (e.g., hand) detection.
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Figure 2. Additional examples of hand detection on 5-signers dataset. A green star marks the detected location of the right
hand of a person, the detected location of the left hand is marked by a yellow star.

4



Figure 3. Additional examples of hand detection on Buffy dataset. A green star marks the detected location of the right
hand of a person, the detected location of the left hand is marked by a yellow star.

5



Figure 4. Additional examples of car detection on UIUC cars dataset. A yellow box marks the detected location of the car,
the ground truth location is marked by a red box.

6



Identifying similar transitive actions in single1 1

images2 2

Anonymous ECCV submission3 3

Paper ID 1054 4

Abstract. This paper presents an approach for the recognition of sim-5 5

ilar actions, which include an actor, a tool and in some cases a recipient6 6

of the action, using only single images as input. Examples in the current7 7

study include drinking, toasting, talking on the phone, wearing glasses,8 8

etc. These actions are similar in terms of body pose, the objects involved9 9

are typically small and partially occluded, and the background scene can10 10

be arbitrary. Due to these factors, it is difficult to apply standard ap-11 11

proaches for object recognition to recognize these actions as objects. We12 12

propose an approach that applies a two-stage interpretation procedure to13 13

each training or test image. The first stage produces accurate detection14 14

and localization of the relevant body parts of the actor. The second stage15 15

extracts features from locations anchored to the detected body parts,16 16

and uses these features together with the relative configuration of these17 17

parts in order to recognize the action. During training, this allows the18 18

automatic discovery and construction of implicit non-parametric models19 19

for different important aspects of the actions, such as relevant objects,20 20

types of grasping, and hand-object and body part configurations. During21 21

testing, this allows the approach to extract distinctive features specifi-22 22

cally from restricted image regions that contain the relevant information23 23

for recognizing the action. As a result, we eliminate the need to have a24 24

priori models for relevant objects, and become capable of learning from25 25

action labels only, without labeling of the body parts and relevant ob-26 26

jects. Focusing in a body-anchored manner on the relevant regions makes27 27

it possible to automatically learn the distinctions between highly simi-28 28

lar actions, increases efficiency, and considerably enhances recognition29 29

results.30 30

1 Introduction31 31

This paper deals with the problem of recognizing transitive actions in single32 32

images. Transitive actions are actions involving an actor, a tool, and in some33 33

cases, a recipient of the action. Some simple examples are drinking from a glass,34 34

talking on the phone, eating from a cup with a spoon, and brushing teeth.35 35

The more popular type of actions, covered in the majority of computer vision36 36

action recognition literature [1], are intransitive actions, which typically involve37 37

only an actor who performs some (repetitive) sequence of movements, such as38 38

walking, jumping, and sitting down. Such intransitive actions are characterized39 39
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Fig. 1. (a) Examples of similar transitive actions identifiable by humans from single
images (brushing teeth, talking on a cell phone and wearing glasses). (b) Illustration of a
single run of the proposed two-stage approach. In the first stage the parts are detected
in the face→hand→elbow order. In the second stage we apply both action learning
and action recognition using the configuration of the detected parts and the features
anchored to the hand region; the bar graph on the right shows relative log-posterior
estimates for the different actions. (c) Graphical representation (in plate notation) of
the proposed probabilistic model for action recognition (see section 2.2 for details).

by movement and therefore temporal information (a short video sequence) is40 40

required in order to recognize them [2–5]. In contrast, the transitive actions are41 41

more characterized by the pose of the actor, the tool she/he is holding, and the42 42

presence of the action recipient, and thus in many cases such actions can be43 43

readily identified by human observers from only a single image (see figure 1a).44 44

A number of approaches have been developed to deal with dynamic action45 45

recognition from short video sequences. Different approaches in this category46 46

used different levels of specificity of the spatio-temporal information recovered47 47

from the dynamic scene including bag of spatio-temporal features, e.g. [2–4], a48 48

spatio-temporal pyramid [6], space-time shapes [5] tracking body parts of the49 49

actor and objects [1, 7], and different types of grasping dynamics [8].50 50

Only a few approaches to date have dealt with action recognition in single51 51

images, or the so called static action recognition. [9] studied the recognition52 52

of sports actions using the pose of the actor. [10] used scene interpretation in53 53

terms of objects and their relative configuration to distinguish between different54 54

sporting events such as badminton and sailing. [11] recognized static intransitive55 55

actions such as walking and jumping based on a human body pose represented by56 56

a variant of the HOG descriptor. Finally, the most detailed static scheme to date57 57

[7] recognized static transitive sports actions, such as the tennis forehand and the58 58

volleyball smash, by using a full body mask, bag of features for describing scene59 59
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context, and the detection of the objects relevant for the action, such as bats,60 60

balls, etc. [7] used GrabCut [12] to extract the body mask and fully supervised61 61

training for the a priori known relevant objects and scenes.62 62

In this paper we consider the task of differentiating between similar types63 63

of transitive actions, such as smoking a cigarette, drinking from a cup, eating64 64

from a cup with a spoon, talking on the phone, etc., given only a single image65 65

as input. The lack of temporal information precludes the use of approaches66 66

relying on the scene dynamics [2–6, 8]. The similarity between the body poses in67 67

such actions creates a difficulty for approaches that rely on pose analysis [9, 11,68 68

7]. The relevant differences between similar actions in terms of the actor body69 69

configuration can be at a fine level of detail. Therefore, one cannot rely on a70 70

fixed pre-determined number of configuration types [9, 11, 7]; rather, one needs71 71

to be able to make as fine discriminations as required by the task. In many72 72

cases, it is necessary to detect fine details of information such as the accurate73 73

relative offset between the hand and the face, the presence and type of the object74 74

in the hand, type of grasping, face orientation and expression, etc. (figure 1a).75 75

Recovering details at this level requires accurate localization of body parts, such76 76

as faces, hands and limbs. However, all current action recognition approaches77 77

which employ body-parts detection use temporal information (tracking) in order78 78

to detect the parts [1], and the approach we propose is the first to employ flexible79 79

body parts (hands, elbows) detection in single images.80 80

Crucial information for action identification may be sublte and difficult to81 81

detect. Objects participating in different actions may be very small, occupying82 82

only a few pixels in a low resolution image (spoon, cigarette). In addition, these83 83

objects may be unknown a priori, such as in the natural case when the learning84 84

is weakly supervised, i.e. we know only the action label of the training images,85 85

while the body parts and participating objects are not annotated and cannot86 86

be independently learned as in [10, 7]. Similarly, the relation between the object87 87

and relevant body parts is important for identifying the performed action. This88 88

was demonstrated by [7], who describe the position of the object relative to the89 89

observer using rough distance and direction from the body’s centroid. However,90 90

the object position relative to the parts may differ only slightly between different91 91

actions (e.g. smoking and brushing teeth differ only in the type of grasping). In92 92

such cases, very accurate detection of relevant body parts (such as hands) and of93 93

grasping types are necessary to make the correct distinction between the actions.94 94

In addition, the background scene, used by [7, 10] to recognize sports actions and95 95

events, is irrelevant for most types of transitive actions of interest, and cannot96 96

be directly utilized.97 97

In terms of datasets, most of the aforementioned action recognition ap-98 98

proaches were applied to datasets of distinct intransitive actions, such as the99 99

KTH [13] and Weizmann actions [5] datasets. Such actions do not require a high100 100

degree of interpretation detail and may be recognized by detecting represen-101 101

tative human poses specific to the action, or by a bag-of-features collection of102 102

spatio-temporal features. Only recently, a Hollywood movie actions dataset was103 103

introduced by [6]. Although it still contains mostly distinct intransitive actions,104 104
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it is more challenging than its predecessors because of high variability due to105 105

the uncontrolled and unstructured nature of the video sequences from which it106 106

was constructed. Hence, it will be difficult to apply the fine-detail body part107 107

interpretation based approaches to this dataset, as it will require the detection108 108

of human parts and objects from a very diverse set of scales and viewing angles.109 109

Handling this variability is beyond the capability of the current state-of-the-art110 110

body interpretation techniques [14–16]. Finally, [7] proposed a set of distinct111 111

transitive actions shot over a static roughly uniform background.112 112

The main contribution of this paper is an approach for recognizing and dis-113 113

tinguishing between similar transitive actions in single images, while trained114 114

using weak supervision of action labels only (without labeling of the body parts115 115

and relevant objects). In both the learning and the test settings, the approach116 116

applies two-stage interpretation steps to each (training or testing) image. In gen-117 117

eral, the first stage produces accurate detection and localization of body parts,118 118

and the second extracts and uses features from locations anchored to body parts.119 119

In the implementation of the first stage, the face is detected first, and its detec-120 120

tion is extended to accurately detect the locations of the elbow and the hand of121 121

the actor. In the second stage, the relative part locations and the hand region122 122

are analyzed for action related learning/recognition. During training, this allows123 123

the automatic discovery and construction of implicit non-parametric models for124 124

different important aspects of the actions, such as accurate relative part loca-125 125

tions, relevant objects, types of grasping, and accurate hand-object configuration126 126

models. During testing, this allows the approach to focus on the small image re-127 127

gions that contain all of the relevant information for recognizing the action. As128 128

a result, we eliminate the need to have a priori models for relevant objects and129 129

become capable of weakly supervised learning of the actions. Focusing in a body-130 130

anchored manner on the relevant regions not only increases efficiency, but also131 131

considerably enhances recognition results. The approach is visually summarized132 132

in figure 1b. In the results section 3 we show that employing standard state-of-133 133

the-art object recognition techniques in order to recognize and distinguish static134 134

actions without focusing on the relevant parts such as the hand and the face135 135

may be problematic. An additional contribution is a dataset for static action136 136

recognition containing 10 people performing 12 similar hand-near-face transitive137 137

actions, namely drinking, talking on the phone, scratching, toasting, waving,138 138

brushing teeth, smoking, wearing glasses, eating with a spoon, singing with a139 139

microphone, and also drinking without cup and making a phone call with a bot-140 140

tle. All actors appear in natural settings against different cluttered backgrounds141 141

containing multiple unrelated changes, such as people passing by.142 142

The rest of the paper is organized as follows. Section 2 describes the proposed143 143

approach and its implementation details. Section 3 describes the experimental144 144

validation. Summary and discussion are provided in section 4.145 145

2 Method146 146

In this section we present our approach to the recognition of similar transitive147 147

actions from single images. We focus on a group of similar hand-near-face actions,148 148
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(a)

(b)

Fig. 2. (a) Examples of the computed binary masks (cyan) for searching for elbow
location given the detected hand and face marked by a red-green star and magenta
rectangle respectively. The yellow square marks the detected elbow; (b) Additional
examples of parts detection.

in which the hand is sufficiently close to the face and performs some activity,149 149

e.g. drinking, smoking or eating with a spoon.150 150

As discussed above, the approach proceeds in two main stages. The first stage151 151

is body interpretation, which is by itself a sequential process. First, the person152 152

is detected by detecting her/his face which can be viewed from different angles,153 153

including both in-plane and out-of-plane rotation (up to full profile view). Next,154 154

the face detection is extended to detect the hands and elbows of the person.155 155

This is achieved in a non-parametric manner by following chains of features156 156

connecting the face to the part of interest (hand, elbow), by an extension of [16].157 157

In the second stage, features gathered from the hand region and the relative158 158

locations of the hand, face and elbow, are used to model and recognize the static159 159

action of interest. The first stage of the process, dealing with the face, hand160 160

and elbow detection, is described in section 2.1. The static action modeling and161 161

recognition is described in section 2.2 and additional implementation details are162 162

provided in section 2.3.163 163

2.1 Body parts detection164 164

Body parts detection in static images is a challenging problem, which has re-165 165

cently been addressed by several groups [14–18]. The hardest parts to detect are166 166

the most flexible parts of the body - the lower arms and the hands. This is due167 167

to large pose and appearance variability and the low resolution typical to these168 168

parts. In our approach, we have adopted an extension of the non-parametric169 169

method for the detection of general parts of deformable objects recently pro-170 170

posed by [16]. The method of [16] can operate in two modes. The first mode171 171

is used for the independent detection of sufficiently large and rigid objects and172 172

object parts, such as the face. The second mode allows for the extention of some173 173

existing detections to additional detection of other parts that are more difficult174 174

to detect independently, such as hands and elbows. The method extends the star175 175
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model by allowing features to vote for the detection target either directly, or in-176 176

directly, via features participating in feature-chains going towards the target. In177 177

the independent detection mode, these feature chains may start anywhere in the178 178

image, whereas in the extension mode these chains must originate from already179 179

detected parts. The method employs a non-parametric generative probabilistic180 180

model, which can efficiently learn to detect any part from a collection of training181 181

sequences with marked target (e.g., hand) and source (e.g., face) parts (or only182 182

the target parts in the independent detection mode). The mathematical details183 183

of this model are described in [16]. In our approach, the method of [16] is used184 184

to detect the face in its independent detection mode, and to detect the hand185 185

and the elbow by chains-extension from the face detection (treated as the source186 186

part). The method is trained using a collection of short video sequences, each187 187

having the face, the hand and the elbow marked by three points. The code for188 188

the method was kindly provided by the authors of [16] and extended to allow189 189

restricted detection of dependent parts, such as hand and elbow.190 190

In some cases, the elbow is more difficult to detect than the hand, as it191 191

has less structure. For each (training or test) image In, we therefore constrain192 192

the elbow detection by a binary mask Mn of possible elbow locations given the193 193

detected hand location xhn. Denoting the relative hand-elbow offset in image Ik194 194

by ohek , and the hand-face offset by o
fh
k , from all the training images {Ik} we195 195

retrieve the set
{
ohek

∣
∣
∣
∣
∣
∣ofhk − o

fh
n

∣
∣
∣ ≤ r1

}
of all the hand-elbow offsets for which196 196

the hand-face offsets are sufficiently close to the hand-face offset ofhn detected in197 197

the test image In (r1 = 0.25 face width in our implementation) . The retrieved198 198

offsets are then combined to form the binary mask Mn, by assigning ‘one’ to all199 199

pixels
{
ohek + x

h
n

}
and dilating the resulting mask by a disk with a small radius200 200

r2 (r2 = 0.5 face width in our implementation). Some examples of the detected201 201

faces, hands and elbows on various test images are shown in figure 2b. Figure202 202

2a shows some conditional elbow-given-hand masks for some of the poses.203 203

2.2 Modeling and recognition of static actions204 204

Given an image In (training or test), we first introduce the following notation205 205

(lower index refers to the image, upper indices to parts). Denote the instance206 206

of the action contained in In by an (known for training and unknown for test207 207

images). Denote the detected locations of the face by xfn, the hand by x
h
n, and208 208

the elbow by xen. Also denote the width of the detected face by sn. Throughout209 209

the paper, we will define the values of various size and distance parameters210 210

in sn units, in order to eliminate the dependence on the scale of the person211 211

performing the action. For many actions, and especially for the set of ‘hand-212 212

near-face’ actions defined above, most of the discriminating information about213 213

the action resides in the hand region. We represent this information by a set of214 214

rectangular patch features extracted from this region. Each feature is represented215 215

by a corresponding 128-dimensional SIFT descriptor. All features are taken from216 216

a circular region with a radius 0.75 ∙ sn around the hand location x
h
n. From this217 217

region we extract sn× sn pixel rectangular patch features centered at all Canny218 218
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edge points sub-sampled with a 0.2∙sn pixel grid. Denote the set of patch features219 219

extracted from image In by
{
fmn =

[
SIFTmn ,

(
xmn − x

f
n

)]}
, where SIFTmn is the220 220

descriptor of the m-th feature, xmn is its image location,
(
xmn − x

f
n

)
is the offset221 221

between the feature and the face, and square brackets denote a row vector. The222 222

index m enumerates the features in arbitrary order for each image. Denote by223 223

kn the number of patch features extracted from image In.224 224

The probabilistic generative model explaining all the gathered data is de-225 225

fined as follows. The observed variables of the model are: the face-hand offset226 226

OFH = o
fh
n ≡ xhn − x

f
n, the hand-elbow offset O

H
E = o

he
n ≡ x

e
n − x

h
n, and the227 227

patch features {Fm = fmn }. The unobserved variables of the model are the ac-228 228

tion label variable A, and the set of binary variables {Bm}, one for each ex-229 229

tracted patch feature. The meaning of Bm = 1 is that the m-th patch feature230 230

was generated by the action A, while the meaning of Bm = 0 is that the m-231 231

th patch feature was generated independently of A. Throughout the paper we232 232

will use a shorthand form of variable assignments, e.g., P
(
ofhn , o

he
n

)
instead of233 233

P
(
OFH = o

fh
n , O

H
E = o

he
n

)
. We define the joint distribution of the model that234 234

generates the data for image In as:235 235

P
(
A, {Bm} , ofhn , o

he
n , {f

m
n }
)
= P (A)∙P

(
ofhn , o

he
n

)
∙
kn∏

m=1

P (Bm)∙P
(
fmn
∣
∣A, ofhn , o

he
n , B

m
)

(1)
Here P (A) is a prior action distribution, which we take to be uniform, and:236 236

P
(
fmn
∣
∣A, ofhn , o

he
n , B

m
)
=

{
P
(
fmn
∣
∣A, ofhn , o

he
n

)
if Bm = 1

P
(
fmn
∣
∣ofhn , o

he
n

)
otherwise

(2)

The P (Bm) = α, is the prior probability for the m-th feature to be generated237 237

from the action, and we assume it maintains the following relation: P (Bm = 1) =238 238

α � (1− α) = P (Bm = 0) reflecting the fact that most patch features are239 239

not related to the action. Figure 1c shows the graphical representation of the240 240

proposed model.241 241

As shown in the Appendix A, in order to find the action label assignment to242 242

A that maximizes the posterior of the proposed probabilistic generative model,243 243

it is sufficient to compute:244 244

argmax
A

logP
(
A
∣
∣ofhn , o

he
n , {f

m
n }
)
= argmax

A

kn∑

m=1

P
(
fmn , A, o

fh
n , o

he
n

)

P
(
fmn , o

fh
n , ohen

) (3)

As can be seen from eq. 3, and as shown in the Appendix A, the inference is inde-245 245

pendent of the exact value of α (as long as α� (1− α)). In the following section246 246

2.3 we explain how to empirically estimate the probabilities P
(
fmn , A, o

fh
n , o

he
n

)
247 247

and P
(
fmn , o

fh
n , o

he
n

)
that are necessary to compute 3.248 248

2.3 Model probabilities249 249

The model probabilities are estimated from the training data using Kernel Den-250 250

sity Estimation (KDE) [19]. Assume we are given a set of samples from some251 251
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distribution of interest {Y1, . . . , YR}. Given a new sample from the same distri-252 252

bution - Y , a symmetric Gaussian KDE estimate P (Y ) for the probability of Y253 253

can be approximated as:254 254

P (Y ) ∝
1

R
∙
R∑

r=1

exp
(
−0.5 ∙ ‖Y − Yr‖

2
/
σ2
)
≈
1

R
∙
∑

Yr∈NN

exp
(
−0.5 ∙ ‖Y − Yr‖

2
/
σ2
)

(4)
where NN is the set of nearest neighbors of Y within the given set of samples.255 255

When the number of samples R is large, brute-force search for the NN set256 256

becomes infeasible. Therefore, we use Approximate Nearest Neighbor (ANN)257 257

search (using the implementation of [20]) to compute the KDE. To compute258 258

P
(
fmn , A = a, o

fh
n , o

he
n

)
for the m-th patch feature fmn =

[
SIFTmn ,

(
xmn − x

h
n

)]
259 259

in test image In, we compute the NN set by searching for the nearest neighbors260 260

of the row vector
[
SIFTmn ,

1
sn

(
xmn − x

h
n

)
, 1
sn
ofhn ,

1
sn
ohen

]
in a set of row vectors:261 261

262 262

{[

SIFT rt ,
1

st

(
xrt − x

h
t

)
,
1

st
ofht ,

1

st
ohet

]∣∣
∣
∣ all f

r
t in training images It, s.t. at = a

}

using an ANN query. Recall that sn was defined as the width of the detected263 263

face in image In, and hence
1
sn
is the scale factor that we use for the offsets in264 264

the query. The query returns a set of K nearest neighbors, and the Gaussian265 265

KDE 4, with σ = 0.2, is applied to this set to compute the estimated probability266 266

P
(
fmn , A = a, o

fh
n , o

he
n

)
. In our experiments we found that it is sufficient to use267 267

K = 25. The P
(
fmn , o

fh
n , o

he
n

)
is computed as:268 268

P
(
fmn , o

fh
n , o

he
n

)
=
∑

a

P
(
fmn , A = a, o

fh
n , o

he
n

)

3 Results269 269

To test our approach, we have applied it to two static transitive action recog-270 270

nition datasets. The first dataset was created by us and contained 12 similar271 271

transitive actions performed by 10 different people, appearing against different272 272

natural backgrounds. The second dataset was compiled by [7] for dynamic tran-273 273

sitive action recognition. It contained 9 different people performing 6 transitive274 274

actions. Although originally designed and used by Gupta et al in [7] for dynamic275 275

action recognition, we transformed it into a static action recognition dataset by276 276

assigning action labels to frames actually containing the actions and treating277 277

each such frame as a separate static instance of the action. Since successive278 278

frames are not independent, the experiments conducted on both datasets were279 279

all performed in a person-leave-one-out manner, meaning that during the train-280 280

ing we completely excluded all the frames of the tested person. Sections 3.1 and281 281

3.2 describe the respective experiments and results on our and the Gupta et al282 282

datasets. To make the task more challenging, all experiments were performed on283 283

grayscale versions of the images. Figures 3 and 6a show examples of successfully284 284
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Fig. 3. Examples of similar static transitive action recognition on our 12-actions / 10-
people (‘12/10’) dataset. On all examples, the detected face, hand and elbow are shown
by cyan circle, red-green star and yellow square, respectively. At the right hand side of
each image, the bar graph shows the estimated log-posterior of the action variable A.
Each example shows a zoomed in ROI of the action. Additional examples are provided
in supplementary material.

recognized static transitive actions from the two tested datasets respectively,285 285

and figure 4b shows some interesting failures.286 286

3.1 Our dataset experiments287 287

Our ‘12/10’ dataset consists of 120 videos of 10 people performing 12 similar288 288

transitive actions, namely drinking, talking on the phone, scratching, toasting,289 289

waving, brushing teeth, smoking, wearing glasses, eating with a spoon, singing290 290

to a microphone, and also drinking without a cup and making a phone call with291 291

a bottle. All people except one were filmed against different backgrounds. All292 292

backgrounds were natural indoor / outdoor scenes containing both clutter and293 293

people passing by. The drinking and toasting actions were performed with 2-4294 294

different tools, and phone talking was performed with mobile and regular phones.295 295

Overall, the dataset contains 44,522 frames. Since not all frames contain actions296 296

of interest (e.g. in drinking there are frames where the person reaches to / puts297 297

down a cup or a bottle), we selected the relevant frames and assigned action298 298

labels for them in a semi-automatic manner. Since all the actions of interest299 299

are performed in a ‘hand-near-face’ pose, we assigned the label of the movie300 300

sequence to all the frames in which the automatically detected hand was within301 301

twice face width from the automatically detected face. This produced 23,277302 302

relevant action frames, and each of them was considered a separate instance of303 303

an action inheriting the label of its video sequence. To validate the assigned304 304

action labels a significant portion of selected frames was checked. Overall, the305 305

obtained ground truth was consistent with the human perception in about 95%306 306

of the cases.307 307
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Fig. 4. (a) Average static action confusion matrix obtained by leave-one-out cross
validation of the proposed method on the ‘12/10’ dataset; (b) Some interesting failures
(red boxes), on the right of each failure there is a successfully recognized instance of
an action with which the method has confused.

In our dataset experiments, the part detection models for the face, hand and308 308

elbow described in section 2.1, were trained using 10 additional short movies, one309 309

for each person, in which the actors were asked to randomly wave their hands.310 310

On these 10 movies, face, hand and elbow locations were manually marked. The311 311

learned models were then applied to detect their respective parts on the 120312 312

movie sequences of our dataset. In order to estimate the performance of the313 313

hand detection, we applied particle-filter tracking to the per-frame probability314 314

masks obtained by the hand detection. The results of the tracking were then315 315

viewed in video mode and found to be almost always consistent with the cor-316 316

rect hand location (examples are provided in the supplementary material). We317 317

then compared the maximal scoring location in each probability mask with the318 318

location obtained by tracking and obtained 94.1% match.319 319

The action recognition stage of the method, explained in section 2.2, operates320 320

using the results of the part detection. Since during training we assume video321 321

input, we used the results of the tracked hand location for the learning and used322 322

the unfiltered static hand detection results for test. The action recognition was323 323

tested in a person-leave-one-out manner. In each of the 10 test iterations (one324 324

for each person in the set), one ‘test’ person was left out, the action models325 325

were trained on all the action instances of the 9 remaining ‘training’ people and326 326

tested on the action instances of the test person. Figure 4a shows the resulting327 327

mean confusion matrix computed over all 10 test people. The average correct328 328

recognition accuracy was 53.2± 9%.329 329

Using our dataset, we compared the proposed approach with two baselines.330 330

For both baselines the same set of 23,277 relevant labeled static action frames331 331

was used. Both baselines were intended to test the contribution of the detection332 332

of relevant parts (hand, elbow) to the recognition of similar static transitive333 333

actions.334 334

The first baseline was applying our method described in 2.2, but using only335 335

the face detection and without hand and elbow detection. Instead of collecting336 336

patch features from only the near-hand region, for both training and test, the337 337

features were collected from the entire bounding box of the person in each im-338 338
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Fig. 5. ROC based comparison with the state-of-the-art method of object detection
[21] applied to recognize static actions. For each action, the blue line is the average
ROC of [21], and the magenta line is the average ROC of the proposed method.

age. This is a reasonable classifier for using the data without prior body parts339 339

detection (obtaining state of the art performance for the object detection task on340 340

some standard datasets). The bounding boxes were manually provided (in both341 341

training and test). The hand-face and elbow-hand offsets were not given to the342 342

baseline. The average performance of this baseline (again measured by a person-343 343

leave-one-out test) was 24.6 ± 12.5%, which is significantly lower (p < 0.0005)344 344

than that for the full method that uses accurate part detections.345 345

The second baseline was applying [21], one of the state-of-the-art object346 346

recognition schemes, achieving top scores on recent PASCAL-VOC competitions.347 347

The method of [21] was applied to train a separate classifier to each of the 12348 348

actions using manually marked bounding boxes around each training person349 349

(which is not required by our method). The test was again performed in a person-350 350

leave-one-out manner. Since the resulting classifiers were unbalanced in terms of351 351

score, figure 5 provides ROC-based comparison of the results of our full approach352 352

with the ones obtained by [21] on a per-action basis and averaged over the353 353

different people. The highly significant performance gain obtained by our method354 354

relative to this baseline suggests that it is difficult to employ standard state-of-355 355

the-art object recognition techniques in order to recognize and distinguish similar356 356

static actions without focusing on the relevant parts, such as the hand, the elbow357 357

and the face.358 358

3.2 Gupta et al. dataset experiments359 359

This dataset was suggested by [7]. It consists of 46 movie sequences of 9 different360 360

people performing 6 distinct transitive actions: drinking, spraying, answering the361 361

phone, making a call, pouring from a pitcher and lighting a flashlight. In each362 362

movie, we manually assigned action labels to all the frames actually contain-363 363

ing the action (essentially excluding frames in which objects are picked up or364 364

returned to the table). Since the distinction between ‘making a call’ and ‘answer-365 365

ing phone’ was in the presence or absence of the ‘dialing’ action, we re-labeled366 366
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Fig. 6. (a) some successfully identified action examples from the dataset of [7]; (b)
mean static action confusion matrix for leave-one-out cross validation experiments on
the Gupta et al. dataset; (c) mean static action confusion matrix assuming perfect
hand detection (using ground truth hand locations).

the frames of these actions into ‘phone talking’ and ‘dialing’. Finally, we obtained367 367

a set with 2,514 frames containing instances of one of the 6 static actions.368 368

The part detection models for the experiments on this dataset were trained369 369

on a combined set of 10 part detection training movies from our dataset and370 370

8 movies from 6 people (out of 9) from the Gupta et al dataset. The mean371 371

hand detection performance on the remaining 38 movies in the dataset was372 372

84.9%. The mean hand detection performance on the movies of the 3 completely373 373

unseen test people was 87.3%. Since most people in the dataset wear very dark374 374

clothing, in many cases the elbow is invisible and therefore it was not used in this375 375

experiment (it is straightforward to remove it from the model by assigning a fixed376 376

value to the hand-elbow offset in both training and test). The action recognition377 377

performance was measured using the person-leave-one-out cross-validation, in378 378

the same manner as for our dataset. During training only, particle filter was used379 379

to track the hand over the hand detection probability masks. During testing, both380 380

the first and the second maximum of the hand detection probability mask were381 381

used as candidate hand locations, and the action scores were maximized among382 382

the ones obtained for each candidate location separately. The average accuracy383 383

over the 6 static actions was 68 ± 9.4%, and average confusion matrix is shown384 384

in figure 6b. The presented results are for the static action recognition, and385 385

hence are not directly comparable to the results obtained on this dataset for the386 386

dynamic action recognition by [7], who obtained 93.34% recognition (measured387 387

over video sequences) using both the temporal information and a priori models388 388

for the participating objects (cup, pitcher, flashlight, spray bottle and phone).389 389

The action recognition performance depends on the hand detection accuracy. To390 390

validate the accuracy of the action recognition alone, we also tested using ground391 391

truth hand locations (for both training and test), and obtained 83.5 ± 12.1%392 392

average accuracy. Figure 6c shows the average confusion matrix obtained for the393 393

ideal hand detection experiment.394 394
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4 Discussion395 395

We have presented a method for recognizing similar transitive actions from single396 396

images. The key idea of the approach is to employ features which, are anchored397 397

to body parts relevant for the action during both learning and recognition. The398 398

use of these features is made possible by the ability of the method to accurately399 399

detect these body parts. We have shown that without using these body anchored400 400

features there is a highly significant drop in performance even when employing401 401

state-of-the-art methods for object recognition. The presented approach is more402 402

sequential in nature than most schemes in current use. The face of the person is403 403

detected first, and its detection is sequentially extended through feature chains404 404

to the detection of hands and elbows (other starting location could be used,405 405

but we found the face to be the most reliable). Then, the region around the406 406

hand is extracted and analyzed while conditioning on the relative configuration407 407

of the detected parts. Following this analysis, relevant objects and hand-object408 408

configuration are discovered (through the configuration of their image features)409 409

during learning and used to decide on the performed action during testing. This410 410

method allows us to approach the learning of the actions in a realistic weakly411 411

supervised manner, when only the action labels are given, and learn relevant412 412

object and hand-object models on the fly, and without the need for an a priori413 413

dictionary of objects we may encounter.414 414

As for future directions, following the accurate detection of relevant body415 415

parts, it becomes possible to learn and use additional components associated with416 416

specific body parts, which are useful for action recognition but not yet modeled in417 417

the current method. These include: 3D face orientation, facial expression, gaze418 418

direction, explicit model for the configuration of the fingers, etc. In addition,419 419

more detailed models of tools can be obtained by combining hand-detection420 420

with local segmentation that separates the hand and the tool, and by extracting421 421

images of action-tools in videos before they are grasped or after they are released.422 422

423 423
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A Log-posterior derivation465 465

Here we derive the equivalent form of log-posterior (eq. 3) of the proposed prob-466 466

abilistic action recognition model defined in eq. 1. In 5, the symbol ∼ means467 467

equivalent in terms of maximizing over the values of the action variable A.468 468
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In eq. 5, γ = α/ (1− α), the term
∑kn
m=1 log

[
(1− α) ∙ P

(
fmn
∣
∣ofhn , o
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n

)]
is inde-469 469

pendent of the action (constant for a given image In) and thus can be dropped,470 470

and (∗) follows from log (1 + ε) ≈ ε for ε� 1 and from γ being large due to our471 471

assumption that α� (1− α).472 472



Supplementary Material (paper
ID 105)

This manuscript contains the supplementary material for the paper ID 105:
‘Identifying similar transitive actions in single images’. Section 1 describes the
movies, provided within the current supplementary. The movies show examples
of deformable part detection, namely the face, the hand and the elbow, and
also examples of static action recognition (performed on single images). The
static action recognition method was applied on two datasets: ‘12/10’ dataset
and Gupta et al dataset [7]. The aforementioned datasets are described in
the paper. In addition, figure 1 depicts several examples of interesting action
recognition failures.

1 Movies

Three movies are provided together with this supplementary material. The first
two movies contain sample results of successful action recognition from static
images (frames) from two datasets. The first dataset, titled ‘12/10’, consists of
120 videos of 10 people performing 12 similar transitive actions, namely drink-
ing, talking on the phone, scratching, toasting, waving, brushing teeth, smoking,
wearing glasses, eating with a spoon, singing to a microphone, and also drinking
without a cup and making a phone call with a bottle. The second dataset, pro-
vided by Gupta et al [7], consists of 46 videos of 9 people performing 6 transitive
actions, namely drinking, spraying, answering the phone, making a call, pouring
from a pitcher and lighting a flashlight. The third movie contains examples of
detection of the hand, the face, and the elbow on the ‘12/10’ dataset.
All the action recognition experiments conducted are performed in leave-one-

out manner, where all the frames that contain a test person are excluded from
the training. The details of the experiments and the quantitative evaluation of
the results can be found in the paper.
To view the movies it is necessary to have the Xvid codec installed. The

codec can be found within K-lite codec pack:

http://www.codecguide.com/download kl.htm

The movies illustrating the results of static action recognition experiments per-
formed on the two datasets are:

1. ‘12 actions 10 people Xvid.avi’ - shows sample successful static ac-
tion recognition results on ‘12/10’ dataset.

2. ‘6 actions 9 people Gupta et al Xvid.avi’ - shows sample successful
static action recognition results on Gupta et al dataset [7].

1



The movie containing examples of the parts detection is:

1. ‘example part detections 12 10 Xvid.avi’ - shows example detections
of the hand, the face, and the elbow on frames from ‘12/10’ dataset.

In each frame of all the movies the detected location of the face of the person
is marked by a magenta circle filled in by light blue. In the current method only
the right hand of the person is being detected. A green star with red color
inside marks the detected location of the right hand. The detected location of
the elbow is marked by a yellow square.
In movies showing action recognition examples, the bar graph on the right

shows the log-likelihood estimates obtained by the proposed method for all the
considered actions.
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Label: drinking without cup.  Detected: drinking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: wearing glasses.  Detected: scratching

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: toasting.  Detected: drinking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: toasting.  Detected: waving

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: eating with spoon.  Detected: drinking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: teeth brushing.  Detected: drinking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: phone talking.  Detected: wearing glasses

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: smoking.  Detected: drinking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: toasting.  Detected: scratching

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: scratching.  Detected: wearing glasses

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: wearing glasses.  Detected: scratching

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: drinking.  Detected: drinking without cup

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: drinking.  Detected: singing with mike

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: eating with spoon.  Detected: teeth brushing

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: phone talking with bottle.  Detected: phone talking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: singing with mike.  Detected: smoking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: waving.  Detected: toasting

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: drinking without cup.  Detected: drinking

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: smoking.  Detected: singing with mike

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: phone talking.  Detected: wearing glasses

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Label: teeth brushing.  Detected: eating with spoon

 1: drinking

 2: drinking no cup

 3: eating with spoon

 4: phone talking

 5: phone with bottle

 6: scratching

 7: singing with mike

 8: smoking

 9: teeth brushing

10: toasting

11: waving

12: wearing glasses

Figure 1: Some examples of interesting static action recognition failures. In
order to see the fine details, please zoom in.
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