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Abstract 

 
Visual capability is one of the strongest senses of 

perception of human beings. Humans tend to 

represent the visually perceived world mainly in a 

qualitative manner and thereby attain considerably 

high accuracy in reasoning and prediction. Even 

though this is an innate ability of humans, embedding 

this feature in the development of cognitive vision 

systems has been a research challenge. A research 
has been carried out to develop a system that is 

capable of learning qualitative rules that underlies in 

the arrangement of the observed visual scene. A set 

of symbolic data generated from a dynamic visual 

scene that comprise object movement is considered 

as the input to the system and by analyzing object-

object qualitative spatial and temporal 

representation and reasoning mechanisms the system 

generates the underlying set of rules of the scene. As 

an application the system produces sketch images of 

the observed scene. This work has great potential in 

developing agents that can be used for autonomous 

learning from visual scenes in a manner closer to 

human learning from visual scenes.  

 

1. Introduction 

 
Visual ability is one of the richest and most 

developed avenues of information gathering for 

humans. Therefore learning from visual scenes is a 
natural cognitive process and we humans, tend to 

represent this perceived real world mainly in a 

qualitative manner rather than in a quantitative 

manner. Even though quantitative measures yields 

high precision in representation and reasoning, use of 

phrases such as the post office is left to the school in 

describing a location, take the second turn to right 

side when describing a direction and keep the saucer 

before keeping the cup on top of it are some common 

examples for usage of qualitative knowledge in day-

to-day life. Further, qualitative representation and 
reasoning is a good alternative when exact 

information is missing or when the quantitative 

manipulations are costly. In addition, the limited 

mental ability of an average human in performing 

quantitative manipulations is also another factor for 

using qualitative knowledge.  

 

Hence, when observing an evolving scene we tend to 

abstract various qualitative features such as 

movement, size, brightness, position, and orientation 

etc of the objects in the scene. It is evident that most 

of these features are either spatial concepts or 

temporal concepts.  In general much of the 

knowledge about space and time is qualitative than 

quantitative [1].  

 

By observing an evolving scene humans tend to 

develop a conceptual understanding about what is 

taking place and this understanding is conditioned by 

exposing to similar situations. Depending on the 

intention of the observer this abstracted knowledge 

can be organized to derive new knowledge or update 

the existing knowledge. In doing so one has to learn 

the underlying rules of the scene.  

 

Based on the above philosophy we have developed a 

computer-emulated system that exploit qualitative 

spatial and temporal representation and reasoning 

mechanisms on a set of symbolic data obtained from 

a visual scene and thereby generate rules of the scene 

using Inductive Logic Programming (ILP).  

 

The rest of the paper is organized as follows. Section 

2 carries an overview of cognitive vision systems that 

exploit qualitative representation and reasoning 

mechanisms. Section 3 is on the theoretical 

foundations adopted and section 4 reports the 
approach taken.  Section 5 is on design and 

implementation while section 6 carries a discussion 

about the results. Finally section 7 is on conclusion 

and further work.  

 

2. Qualitative representation and 

reasoning of visual scenes 

 

The area of cognitive computer vision systems is 

devoted for learning from cognitively enabled vision 

and is an active research area in the field of AI [2]. 

Cognitive computer vision systems deal with vision 

data with respect to the cognitive process of knowing, 
understanding, and learning about the things that we 

happen to see. Hence it has facilities for acquiring 

data from the outside world through learning or 
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association and produces a response to appropriate 

percept. Cognitive vision computer systems that can 

be fully embedded in the environment need to have 

facilities for automatically acquiring data, process 

them and develop conceptual models of the 

environment in such a manner as humans do.  

Badler’s work is considered as one of the earliest 

attempts to learn qualitative models of visual scenes 

[3]. He conceptualised the observed scene with a 

hierarchy of motion concepts such as behind, after 

and so on. Due to the limitations in technology, 

obtaining these concepts automatically was not a 

feasible task at that time. Hence these concepts were 

given beforehand and this reduced the flexibility of 

the system. 

 In the views project spatial representations were 

considered as cells with topological properties, which 

supports the topological reasoning required by the 
system [4]. Due to the use of quantitative reasoning 

mechanisms with a coordinate system lead to hand 

generation of spatial regions. This has limited the 

flexibility of the system. Development of spatial 

regions was automated by using qualitative spatial 

and spatio-temporal (s-t) reasoning methods in [5]. 

Here the use of qualitative spatial and s-t regions 

were limited to conceptual clustering of low level 

input data and has not gone to the extent of learning 

any rules to build models of the observed scene.  

Description logic was used to learn scene semantics 
by analysing qualitative spatial and s-t relations in 

[6]. Due to the pre determination of the learnt 

relations the work cannot be generalized to learn in 

another situation. By exploiting spatial and s-t 

relations context specific rules are learnt in [7],[8]. 
Even though they have adopted a similar approach as 

ours the application of spatial and s-t relations was 

limited to identification of perceptual groups and the 

notion of presence and absence of objects. Further 

any qualitative object-object spatial or temporal 

relations were not analysed. We argue that cognitive 

systems that can be fully embedded in the 
environment should posses capabilities in 

representation and reasoning in such a manner as 

humans do.  

3. Theoretical Foundations 
 

Since spatial reasoning in our everyday interactions 

with the physical world is generally driven by a 

qualitative abstraction rather than using exact 

quantitative measures, there are various theories 

developed to address qualitative spatial and s-t 

representation and reasoning [9]. Since we account 

for the spatial extent of the objects we do not 

consider any point-set topological theories here. 

Hence Region Connection Calculus (RCC-8) theory 

[10] is exploited to determine the type of connection 

between any two regions and Allen’s interval algebra 

[11] to account for temporal variations in object 

movement. 

A Region Connection calculus (RCC-8) 

The theory describes the primary relation of any two 

spatial entities in the form of connection.  Therefore 

the basic dyadic relation is C(x,y), which reads as x 

connects with y.  Based on the type of connection a 

set of eight jointly exhaustive and pair wise disjoint 

(JEPD) relations are derived as shown in fig.1.  

 

 

 

 

 

 

 

 

Fig. 1. Relations of RCC-8 calculus and their 

continuous transitions 

 

The abbreviation DC (x, y) is read as x is 

disconnected from y. Similarly the other 

abbreviations are EC-externally connected, PO-

partially overlaps, EQ-equal to, TPP-tangential 

proper part, TPPi-inverse of tangential proper part, 

NTPP-non tangential proper part and NTTPi- inverse 

of non tangential proper part. 

Further this theory illustrates that when any two 

spatial entities move they can move sequentially only 

in adjacent locations. Our adaptation of RCC-8 

theory to describe the type of connection between 

any two moving objects is described in section 5 c. 

To account for movement we employ Allen’s interval 

algebra and an outline of the theory is given in the 

next section. 

 

B Allen’s Interval Calculus 

 

Allen’s interval calculus describes the temporal 
relation between any two moving objects. According 

to Allen’s notion there are 13 JEPD relations, and for 

any two intervals exactly one of the relations holds as 

shown in fig.2. 
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Fig. 2. Temporal Intervals in Allen’s calculus 

 

 

The Allen’s relations are defined considering the end 

points of the intervals and allow movement only in 

adjacent time stamps. Thus this helps to anticipate the 

future as well as describing the relations of a third 

interval with the use of transitivity properties. In next 

section we will look at the approach taken to 

implement the proposed framework. 

 

 

4. Approach 
 

The real world scene is captured by a video capturing 

process in a frame-by-frame manner and converted to 

symbolic data using an attention mechanism [12]. We 
assume this is done before hand.  

 

Initially the symbolic data set is clustered into 

perceptual groups based on a reference object. An 

object with salient features is often regarded as a 

reference object [1]. Some of the salient features are 

size, brightness, movement, etc.  

 

Since we account only for indoor scenes of object 

movement the representing world can be regarded as 

a small-scale space. In small-scale spaces topological 

and orientation relations provides a restricted form of 

positional information, which describe the 

arrangement of the objects [1]. Orientation relations 

describe where objects are kept relative to one 

another and can be defined with three basic concepts, 

the primary object, the reference object and the frame 

of reference [13].  An intrinsic frame of reference is 

assumed by considering the characteristic direction of 

movement of the reference object. The object in 

which the position has to be determined is called the 

primary object.  
 

The earlier described RCC-8 theory is used to 

identify the topological relations of the boundaries of 

the objects [1]. The theory is adopted in such a way 

to determine whether objects are apart from each 

other, any two objects touch each other or one object 

is on top of another object. Even though TPP, NTPP 

and their inverses are realistic situations in object 

movement we treat all of them as EQ. Because in 

laymen terms, those situations can be considered as 

situations, where, one object is on top of another 

object.  

 

In situations where an object A is kept on top of 

object B a human knows intuitively that object B has 

to be kept prior to object A because vies versa is an 

unrealistic situation. The only possible way of 

learning such concepts for machines is by 

considering the time factor. Similarly we too account 

for the order of object placing by considering the 

Allen’s interval calculus for time.    

 

 

5. Design and Implementation 
 

A dynamic scene of setting covers in a dinner table is 

used as a prototype model to implement the proposed 

framework. Fig. 3 is a snap shot of a one such 

captured scene.  

 

             
 

Fig. 3. A Snap shot of the table setting scenario 
 

 

The symbolic data set contain information about 

frame number, type of the object, object ID, center 

coordinates, the bounding box, similarity measure 

and information regarding whether the object is 

moving or not. 

The design of the system is given in fig. 4. There are 

two main modules in the system namely Qualitative 

Knowledge (QK) module and the ILP module.  
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Fig. 4. Overall system design 

 

The two modules are further sub divided into smaller 

modules with a specific task in hand and are 
explained below.  

 

 

5.1. Identifying perceptual groups 
 

To account for the dynamic nature of the scenes we 

assume non-monotonic reasoning methodology by 

assuming that new evidence can invalidate the past 

conclusions [14]. Accordingly the first appearing 

object is considered as the reference object and when 

a second object comes, the previously assumed 

reference object is not used any more. Then the larger 

object in size is considered as the reference object 
according to our adaptation. Therefore the reference 

object is calculated dynamically for each and every 

frame. The other objects that appear in the frame are 

clustered, based on a distance constraint of three 

times the bounding box of the reference object as the 

limiting distance for a single cluster [1]. The 

clustering that appears when the scene becomes static 

is considered as the final grouping of perceptual 

groups. 

 

 

5.2. Relative orientation of objects 
 

According to the prototype the largest object, plate is 

considered as the reference object. Based on the 

reference object eight distinct relations are used: front 

(F), back (B), left (L), right(R), left-back (LB), right-

back (RB), left-front (LF) and right-front (RF) to 

determine the relative orientation of a primary object. 

In doing so, we employ a cardinal direction type of a 

grid system for the layout of the scenario [15]. The 

reference object is considered to be in the center tile 

and other primary objects that are in a single cluster 

fall in surrounding tiles as shown in fig. 5. 

 

The bounding box of the tile that contains the 

reference object determines the size of the grid. Xmin 

and Xmax are the values of the X-axis of the left most 

corner and the right most corner of the bounding box 

respectively.  So as Ymin and Ymax. 

 

 

 

 
 

 

 

 

 

 

 

 

Fig. 5. Boundary line grid system 

 

Based on this notation the orientation of a primary 

object (∅) can be determined by considering 

constraints such as:  

Front(φ) = {〈x, y 〉 | Xmin (r)  ≤ x  ≤  Xmax(r) ∧ y ≥ 
Ymax (r)} 

 

FrontRight (φ) = {〈 x, y 〉 |x ≥ Xmax (r) ∧ y ≥ Ymax (r)} 

 

Similarly the boundaries of other tiles too are 

determined. 

 

It is noted that according to this notation sometimes 

one or more objects falls into the same tile. For 

example, according to our prototype model knife and 

spoon both are on the right side of the plate. In such 

situations it is necessary to determine the relative 

orientation of the objects that fall in the same tile. 
Therefore, the same above explained mechanism is 

carried out for objects that fall with in the same tile 

and relative orientations are defined again. By doing 

so more finer orientation relations like the knife and 

spoon are both right to the plate and knife is to the 

left of spoon can be easily identified.  

 

After deciding the orientation relations the next step 

is to identify the topological object-object relations.  

Topological connection between objects are 

identified by using RCC-8 relations.  

 
The RCC-8 relations are identified by implementing 

the framework proposed in [16]. A finite set F of 
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cells are considered to identify the relations and the 

center coordinates of a primary object is checked 

against the bounding box values of the reference 

object. Relations on regions are defined as in fig 6. 

 

DC (P,Q) P ∩ Q = ∅ ∧ ∀x, y(x ∈ P ∧ y ∈ Q 

→ ¬ A(x, y)) 

EC (P,Q)  P ∩ Q = ∅ ∧ x, y(x ∈ P ∧ 

y∈ Q ∧  A(x, y)) 

PO (P,Q)  P ∩ Q ≠ ∅ ∧ P � Q ∧ � P 
EQ (P,Q)  P = Q 

TPP (P,Q) P ⊆ Q  ∧ ∃x, y( x ∈ P ∧ y∉ Q ∧ 
A(x, y)) 

NTPP (P,Q) P ⊆ Q ∧ ∀x, y( x ∈ P ∧ A (x, y) → 

y∈ Q) 

TPPi (P,Q) Q ⊆ P ∧ ∃x, y( x ∈ Q ∧ y ∉ P ∧ A 
(x, y)) 

NTPPi (P,Q) Q ⊆ P ∧ ∀x, y( x ∈ Q ∧ A (x, y) → 

y∈P) 
 

Fig. 6. RCC relations on regions 

 

Even though the resulting algorithm produces all 

eight relations we are particularly interested in DC, 

EC, PO and EQ. Because in real life we often come 

across situations where two objects are apart from 

each other, externally touching each other, and one 

object on top of the other object etc. Therefore the 

objects with an EQ type of connection are regarded 

as objects that are on top of each other. If the 

connection is PO then in 3 dimension, one object is 

being partially occluded by the other.  

 

With the combination of topological and orientation 
relations the arrangement of the objects in a 

particular time point can be predicted.  Since our 

prototype evolves in a time interval it is necessary to 

address the whole time period to determine the order 

of object placing.  

 

5.3. Object-object time relations 
 

Time factor plays an important role when there is an 

order restriction of placing some objects. Using 

Allen’s calculus we account for the end points of 

time intervals to determine situations such as the end 

time interval of placing saucer has to end before the 

end of the time interval of placing the cup. 

 

Time points with significant features such as change 

in object movement are noted. When such significant 

frames are encountered three frames before and after 

time point is taken into consideration. Even though 
we are mainly interested in moving objects we still 

account for objects that became stationary in the 

immediate past since the time registry of immediate 

past situations are more prominent.  

 

Therefore by combining the time variations with 

positional information object arrangement of the 

visual scene is learnt. In the qualitative relation-

learning module we identify only context specific 

relations but to reuse the learnt relations in another 

context we argue that learning relations only, is not 

sufficient thus we need to learn the rules for the 

learnt relations. A brief explanation about the ILP 

rule-learning module is given in the next section.  

 

5.4. ILP module 
 

The qualitative object-object spatial and temporal 
relations identified in the QK module are considered 

as input examples for the ILP module. To learn from 

examples ILP methodology is selected mainly 

because of the ability to handle symbolic data and 

due to the more human comprehensible nature of the 

output [17].     

 

The ILP module comprises of two main components 

namely ILP rule learner and the rule analyser. The 

ILP rule leaner is implemented with the use of an off 

the shelf ILP package called PROGOL [18]. 
 

PROGOL generates logic programs in the form of 

hypotheses/rules in the light of given examples and 

background knowledge. In brief, rule-generating 

mechanism of PROGOL is as follows. For each 

positive example the most specific Horn clause is 

generated according to the user declared mode 

declarations. These mode declarations impose 

restrictions on generalisations. The generated 

hypothesis is the one that explains the highest 

number of examples. 

 
The ILP rule learner is supported by relevant 

background knowledge, which guides the rule 

learning mechanism. This enhances the efficiency of 

the system because the rule generating mechanism is 

guided rather than exploiting a syntactically possible 

search place.  Following is  one such given example 

for learning orientation relation for the knife with 

respect to the plate. 

 

time  (t54). 

orientation (rightof,[plate2, knife1],t54). 
box(plate2,[ 51, 233, 144, 327 ], t54). 

center(knife1, [150,280],t54). 

move(plate2, 1], [knife1, 1],t54). 

 

Bounding box coordinates of the reference object 

plate, center coordinates of the primary object knife 

and information about whether the objects are 

moving or not are given as background knowledge. 

Likewise rules are found for all orientation, 

topological and time relations. Since these are 

context specific generalised rules they can be 

globally used in any similar situation.  
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The rule analyser retains the rules that explain the 

highest number of examples and checks for features 

such as most frequently occurring rules, rules with 

any priority factor etc, and store in the rule base for 

future applications.  

 

In summary, the system works as follows. Initially 

the symbolic data set is clustered into perceptual 

groups and qualitative object-object relations are 

derived in the QK module then these learnt relation 

examples are passed to the ILP module to generate 

corresponding rules. The generated rules are further 

analysed in the rule analyser to find out most 

appropriate rules that represents the considered 

world. As an application the system is capable of 

producing sketch images of arrangement of a given 

set of objects based on the rules learnt. 
 

The QK module is implemented in Prolog while the 

ILP module is implemented in PROGOL, which is an 

ILP tool capable of generating rules that best explain 

a given set of examples. A detail explanation about 

the ILP rule-learning module is published in [19].  

 

 

6. Results and Discussion 
 

In this research we have developed a mechanism to 

adopt the natural rule learning ability of humans from 

visual scenes into cognitive vision systems. Thus we 

employed the hypothesis that in learning rules of 

visual scenes human tend to exploit object-object 

robust qualitative spatial and s-t relations. Further we 

incorporated human ability of learning from 

examples because observing an evolving scene itself 

is an example. The proposed framework is more 

suitable for learning rules from indoor scenarios of 

object movement.  

In the prototype, only the size factor is considered in 

determining the reference object. Even though this 

works fine with our prototype scenario sometimes it 
may be necessary to consider another feature such as 

brightness.  

The output of the QK module is a set of qualitative 

orientation, connection, and time relations at a 

particular time point. Following is an orientation 

relation learnt in the QK module. 

 

 orientation (rightof, [plate2, knife1], t54)                 

(1) 

 

Relation (1) describes that the orientation of knife1 

with respect to plate2 is rightof at time t54.  Since 
this relation is highly context specific it cannot be 

used in another similar situation to determine the 

orientation relation between the plate and the knife. 

We overcome this limitation by learning a general 

rule using PROGOL. Hence the learnt rule is: 

 

orientation(rightof,[plate,knife],A):-

box(plate,[B,C,D,E],A),center(knife,[F,G],A), 

move([plate,H],[knife,I],A),F>=D,F>=B,G=<E.          

(2)                                             

 

In (2), orientation relation and the names of the 

objects are the only context specific information. 

Therefore unlike (1), the rule (2) can be applied in 

any similar situation to determine the orientation of 

knife with respect to plate.  Similarly from the ILP 

rule learner, generalized rules are learnt for all the 

other context specific qualitative spatial and s-t 

relations. Therefore these rules impose a set of 

protocol rules that can be applied in a similar 

situation hence this improves the flexibility and the 

applicability of the system.  

 
Here we do not consider time variations for objects 

with DS type of connection because usually there are 

no order restrictions in placing discrete objects in 

small-scale environments. But this may not be the 

case in large-scale spaces if the involved objects are 

comparatively different in sizes, then the larger 

object may have to be placed before the smaller one. 

If the type of connection is EQ or PO then the time 

variation has to be considered disregard to scale of 

the space.  Because in 3D situations these 

connections are depicting objects on top of each other 
and objects that are occluding each other.  

The generated rule set is further analysed in the rule 

analyser to identify the most appropriate rules and 

passed on to a rule base for storage for future 

applications. For evaluation the generated rule set is 

tested for soundness and completeness against a hand 

coded example set to test the ability of learning in the 

presence of noise. It is noted that there is an accuracy 

of about 70% of generating rules under noise.  

 

7. Conclusion and Further work 
 

We have developed a system that captures the natural 

rule learning ability of humans from visual scenes by 

exploiting object-object qualitative spatial and s-t 

relations. Our system is capable of dynamically 

identifying reference objects and generates perceptual 

clusters. Then the system learns qualitative object-
object spatial and s-t relations and thereby generates 

context specific rules that can be applied in any 

similar situation to learn the arrangement of the 

objects in the observed scene. According to the 70% 

of accuracy rate against a perfect scenario we can 

conclude that learning rules of a visual scene 

predominantly by analysing qualitative spatial and s-t 

relations is an effective way of learning rules of a 

visual scene.  

 

At present we are researching how to incorporate 

rules learnt from one scenario for reasoning in 
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another scenario as humans do in real life situations. 

Our work can have great impact on building 

autonomous agents that learn from human agents 

based on visual inputs and can be used as a model for 

training agents even in a time of scarcity of human 

experts such as in a disaster.  
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