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TECHNICAL DIAGNOSTIC OF A FLEET OF VEHICLES  
USING ROUGH SETS THEORY 

Piotr SAWICKI1, Jacek śAK1 

Abstract. The authors of the paper concentrate on diagnostic process applied to 
vehicles utilized in the delivery system of express mail. The paper is focused on 
evaluation of diagnostic capacity of particular characteristics, reduction of a set of 
primary applied characteristics to a minimal and satisfactory subset and 
generation of the maintenance decision rules. The rough sets theory is applied to 
support diagnostic process, both attributes-based and criteria-based approaches, 
and the results of computational experiments are compared. 

1. Introduction 
Each transportation company manages a fleet of vehicles, usually in a different technical 
condition. This condition strongly influences on availability and operational productivity of 
vehicles. It can be also translated into a certain standard of transportation services and  
a defined level of customer satisfaction. Technical diagnostics of vehicles is performed on 
the basis of characteristics of their technical condition, such as: maximum speed, fuel 
consumption, compression pressure etc. Many authors [14, 15] prove that some of the 
characteristics can be more useful than the others and agree that one cannot a’priori predict 
which characteristics are the most important in a particular diagnostic process [5, 8, 15]. 
Thus discovering their practical diagnostic importance and informational capacity is 
essential for rationality of technical diagnostics.  

Another important issue in technical diagnostics of vehicles is the definition of the 
characteristics’ limit values. There are several regulations and norms as well as service 
manuals that determine acceptable values of certain characteristics. The limits (boundary 
points) divide the range of the characteristics’ values into a certain number of intervals 
corresponding to concrete features (technical condition) of vehicles. If there are only two 
intervals the classification has a binary character, e.g. vehicles in a good or bad technical 
condition. If the number of intervals is larger classifying can be more flexible, e.g. vehicles 
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in an excellent condition, vehicles requiring tune-up/maintenance, vehicles requiring an 
overall repair, vehicles requiring breaking. The relationship between description of 
particular vehicles by means of a certain characteristics’ values and the global (overall) 
classification of vehicles is another issue worth investigating. Finding a correlation between 
those two classifications is an important factor influencing on the design of the 
maintenance policy. 

While carrying out technical diagnostics of vehicles one can deal with different types of 
diagnostic characteristics. Some of them can be criteria, i.e. the characteristics with 
preference-ordered domains, e.g. engine power, speed, fuel consumption etc., and the 
others can be attributes, i.e. the characteristics with non preference-ordered domains, such 
as: color of the body, vehicle model etc. If at least one of the characteristics is a criterion 
and the classes of objects (vehicles) are preference-ordered the classification problem turns 
to a sorting problem [9]. The diagnostic process may involve some characteristics that are 
originally delivered in the continuous scale and others that are discrete.  

This research focuses on evaluation of diagnostic capacity of particular characteristics, 
reduction of a set of characteristics to a minimal and satisfactory subset, generation of the 
decision rules that influence of the fleet maintenance policy and comparison between 
attributes-based (classical) and criteria- (dominance relation) -based rough sets theory. As 
opposed to the others, who applied classical concept of rough sets theory to the technical 
diagnostics [13, 14, 15], the authors of this paper utilize a new trend in rough sets theory 
and compare it with the classical approach. The authors accept the challenge to compare 
both approaches in a specific case in which all characteristics are criteria. In these 
circumstances the transformation of criteria into the attribute form is required to apply the 
classical rough sets theory. 

2. Problem definition 
A homogenous fleet of 70 vans (Ford Transit 100, 130, 160 and 190, diesel version) 
utilized in a transportation company is considered in the paper. The fleet operates in the 
inter-city and local delivery system of express mail (letters and small parcels). The board of 
the transportation company is convinced that technical availability of the fleet has a crucial 
meaning in satisfying customers’ requirements on the highly competitive market of express 
deliveries. Thus, the appropriate technical diagnostics and the resulting maintenance policy 
is of great importance to the company. 

The technical diagnostics of the fleet of vehicles is carried out periodically in the above 
mentioned company. The following diagnostic characteristics are utilized in this process:  

• year of construction (s1); characterizes the technical standard and depreciation of the vehicle (minimized criterion), 
• mileage (s2), expressed in [km], it evaluates the vehicle’s technical deterioration 

resulting from the intensity of utilization (minimized criterion), 
• overall evaluation of the body and chassis (s3), expressed in [%]; describes the 

degree of corrosion and external defects in the body and chassis (minimized 
criterion), 
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• fuel consumption (s4), expressed in [dm3/100 km]; measures the overall condition 
of the engine and its components; gives information about the deterioration of 
different engine components and/or required tune-ups (minimized criterion), 

• exhaust gas components (s5), expressed in [m-1]; measures the level of toxic 
components and harmful agents in the exhaust gas; this is another parameter 
evaluating the technical condition of the engine, its depreciation and required tune-
ups; informs whether the vehicle satisfies environmental norms (minimized 
criterion), 

• noise level (s6), expressed in [dB], an overall characteristic of the vehicle measuring 
the operation of vehicle’s major subsystems and its components; level of noise 
emission points out certain dysfunctions and defects (minimized criterion), 

• breaking efficiency − service break (s7) and additional break (s8), criteria expressed in [%]; both parameters evaluate the efficiency of respective breaks and the 
technical condition of their components; they are very important indicators of the 
vehicle’s safety (minimized criterion), 

• shock absorber efficiency (s9), expressed in [%]; characterizes the technical 
condition of the suspension system; it has direct impact on the comfort and safety of 
driving (maximized criterion),  

• overall evaluation of the electrical system (s10), expressed in a binary scale [bad or good]; measures the overall condition of the electrical system and its components. 
Service manual for Ford Transit and internal regulations of the transportation company 

let us determine the limit values (boundary points) that divide the characteristics’ ranges 
into intervals. The limits are specific for particular types of vehicles. The process, called 
discretization, has been applied for all continuous criteria, i.e. s1, s2, s3, ..., s9; it has not been required for criterion s10 expressed in an attribute-like binary form. Limit values for 
continuous characteristics are presented in table 1. For the considered vehicles the 
suggested limit values define 3, 4 or 5 intervals that correspond to a concrete technical 
condition of vehicles. 

Discretization − division of characteristics’ ranges into intervals Characteristics {0} {1} {2} {3} {4} 
s1 [year] up to 1989 〈1989; 1992) 〈1992; 1995) 〈1995; 1998) From 1998  
s2 [km]*103

 up to 250 〈250; 500) 〈500; 750) more than 750 − 
s3 [%] up to 5 〈5; 10) 〈10; 15) more than 15 − 
s4 [dm3/100km] up to 8,5 〈8,5; 10) 〈10; 13) more than 13 − 
s5 [m-1] up to 1,0 〈1,0; 2,5) more than 2,5 − − 
s6 [dB] up to 90 〈90; 102) more than 102 − − 
s7 [%] up to 40 〈40; 45)  more than 45 − − 
s8 [%] up to 17 〈17; 22) more than 22 − − 
s9 [%] up to 20 〈20; 40) 〈40; 60) more than 60 − 

Table 1. Limits and intervals for continuous characteristics of vehicles (Ford Transit) 

In addition to the technical diagnostics based on the analysis of the characteristics’ 
value the overall expert classification of vehicles has been also carried out. The experts 
have defined the following categories of vehicles: 
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• in a very good, perfect condition – neither tune-up nor maintenance is required;  
D = {Perf},  

• in a good technical condition − only tune-ups and minor maintenance are required;  
D = {Good},  

• in a poor but still acceptable technical condition – those vehicles are conditionally 
admitted to carry out transportation jobs; major maintenance and permanent control 
are required; D = {Accept},  

• in a very bad, non-acceptable technical condition – those vehicles must be 
withdrawn from operations and either immediate major repair or car-breaking are 
advised; D = {N_accept}. 

Finally, each category of vehicles is described by the information system, represented 
by the table which rows correspond to vehicles (objects) and columns correspond to 
characteristics. The sample of an information system for the analyzed fleet of vehicles is 
presented in table 2. 

Symptoms Expert  
s1 s2 s3 s4 s5 s6 s7 s8 s9 s10 opinion Objects 

[year] [km]*103 [%] [dm3/100km] [m-1] [dB] [%] [%] [%] [b/g] D 
1 1986 730,1 22 13,2 2,65 98,8 38,11 16,19 38 bad N_accept 
2 1986 723,3 36 12,8 2,65 96,8 38,50 16,74 38 bad N_accept 
... ... ... ... ... ... ... ... ... ... ... ... 
21 1991 290,1 25 8,8 1,23 90,1 43,52 21,60 57 good Accept 
22 1992 280,1 14 9,5 1,04 89,4 44,53 21,52 62 good Good 
... ... ... ... ... ... ... ... ... ... ... ... 
69 1997 136,9 2 8,4 0,67 90,1 50,9 25,49 66 good Perf 
70 1999 95,4 0 8,6 0,32 87,3 52,22 26,08 70 good Perf 

Table 2. The information system for the considered fleet of 70 vehicles (Ford Transit) 

3. Rough sets theory − methodological background 

3.1. The background and the new trends in the rough sets theory 
The rough sets theory proposed by Pawlak [6] is a mathematical tool for the analysis of 
imprecise and vague description of objects (actions). The data analyzed by a classical rough 
sets (CRS) theory concern a set U of objects (actions) described by a set Q of attributes 
(symptoms). Attributes should be discrete or should be interpreted in qualitative terms. In 
CRS all the objects characterized by the same information are indiscernible. The 
indiscernibility of objects, in general, prevents from their precise assignment to one of the 
certain set (class). In this case, the only sets which can be characterized precisely, in terms 
of indiscernibility, are lower and upper approximations of the given set. 

Due to the fact that CRS theory utilizes attributes (characteristics with non-ordered 
domains) only, it cannot distinguish which objects are preferred to or dominating others. 
This disadvantage is eliminated by introduction of criteria (characteristics with ordered 
domains) instead of attributes and by replacing the indiscernibility relation IP by the dominance relation DP. This idea is called the dominance-based rough sets (DRS) approach 
[1]. The extension of this concept introduces both indiscernible IP and outranking SP 
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relations [2]. It takes into account both attributes and criteria and focuses on sorting the set 
of objects into pre-defined classes. In this paper both CRS and DRS are applied to solve the 
decision problem.  

Formally, the available information analyzed in the rough sets theory [6][2] is the 4-
tuple K= 〈U, Q, V, f〉, where U is the finite set of objects, called universe, Q = {q1, q2,…, 
qm} is a finite set of characteristics, Vq is the domain of a characteristics q, V = q∈Q Vq and 
f: U×Q→V is an information function such that f(x, q)∈Vq for each q∈Q, x∈U. K can be 
considered as a decision table assuming that Q=C∪D and C∩D=∅, where C and D contain 
the condition and decision characteristics, respectively. In DRS the characteristics C are 
composed of criteria C> and characteristic D corresponds to the ordered classes of objects.  

According to Greco at al. [2] the binary relation RP, being a partial preorder on U, can 
be defined for each subset of characteristics P⊆C as: ∀x,y∈U, if xDPy (i.e. x dominates y 
with respect to all the criteria in P). Taking into account a set of classes Cl of U, such that 
Cl = {Clt, t∈T}, T = {1,…, n}, representing the comprehensive evaluations of the objects in 
U, it is assumed that ∀r,s∈T when r>s, the elements of Clr are preferred to the elements of 
Cls. Thus, if D is the comprehensive dominance relation on U, i.e. if ∀x,y∈U  xDy one 
concludes: [x∈Clr, y∈Cls, r>s] then [xDy and not yDx]. 

3.2. Approximations of union of classes and reduction of characteristics 
The idea of single classes that exist in the CRS is replaced in DRS by the upward union and 
the downward union of classes which are defined as: Clt

≥ = s≥t Cls and Clt
≤ = s≤t Cls, respectively [2]. DRS distinguishes all the objects y which dominate x with respect to P>

, 
i.e. DP

+(x) = {y∈U: yDPx}. Similarly, all the objects y which are dominated by x with 
respect to P> are denoted by DP

−(x) = {y∈U: xDPy}. Therefore, based on this consideration 
the set of all the objects that belong without any ambiguity to upward union of classes Clt

≥ 
constitutes P-lower approximation PClt

≥, while the set of all the objects that could belong to 
upward union of classes constitutes P-upper approximation ≥

tClP of the union, denoted by:  
 { }≥+≥

= tPt ClxDUxClP ⊆∈ )(:  and { }∅≠= ≥≥
tPt ClxDUxClP ∩∈ )(: . (1) 

The definition of P-lower and P-upper approximations of downward union of classes ≤
tCl  

is as follows:  
 { }≤≤

= tPt ClxDUxClP ⊆∈ )(:  and { }∅≠= ≤+≤  ∩∈ tPt ClxDUxClP )(: . (2) 
In DRS, similarly to CRS, all the objects belonging to a union of classes with some 

ambiguity constitute a P-boundary BnP, defined as a difference between upper and lower 
approximations. The numerical representation of imprecision of available information 
determined by P⊆C is expressed by two measures: accuracy of approximation (a local 
measure) and quality of sorting (a global measure). The accuracy of approximation, 
denoted by αP(Clt≥) for downward union and αP(Clt≤) for upward union, is expressed as a 
ratio of cardinality of lower and upper approximations of union of classes. The quality of 
sorting γP(Cl) is defined as the ratio of the number of P-correctly sorted objects to the 
number of objects in K.  

Each subset P⊆C such that γP(Cl) = γC(Cl) is called a reduct REDCl(P) and constitutes the minimal number of characteristics from C that maintain the quality of sorting 
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unchanged. The nonempty intersection of all reducts is called a core, denoted by 
CORECl(P) [6]. 

3.3. Decision rules 
Using the concept of the rough sets one can extract a generalized description of objects 
contained in the K by certain decision rules. These rules are logical statements in the form 
“if C, then D”, where C is the condition part and D is the decision part of each rule. The set 
of the decision rules generated from rough approximations can be composed of exact and 
approximate rules. The set of the decision rules constitutes an overall knowledge about the 
universe that can be utilized to classify new objects. More about generation of decision 
rules can be found in the work of Greco et al. [4]. 

Each decision rule can be evaluated by at least two measures, i.e. absolute and relative 
strength. Absolute strength is the number of objects supporting the decision rule, while 
relative strength is the relation of absolute strength to the number of objects from the lower 
approximation of decision class (in CRS) or union of classes (in DRS). 

4. Results of the analysis  

4.1. The results of the CRS application 
As described in section 2 the discretization of continuous criteria (s1,..., s9) has been carried out. The final result of this process is presented in table 3. All computational experiments 
presented in this section has been performed with the application of software ROSE2 [7]. 

Symptoms Expert  
s1 s2 s3 s4 s5 s6 s7 s8 s9 s10 opinion Objects 

{0,1,2,3,4} {0,1,2} {0,1,2,3} {0,1,2} {0,1} {0,1} {0,1,3} {0,1,2} {0,1,2,3} [b/g] D 
1 0 2 3 3 2 1 0 0 1 bad N_accept 
2 0 2 3 2 2 1 0 0 1 bad N_accept 
... ... ... ... ... ... ... ... ... ... ... ... 
21 1 1 3 1 1 1 1 1 2 good Accept 
22 2 1 2 1 1 0 1 1 3 good Good 
... ... ... ... ... ... ... ... ... ... ... ... 
69 3 0 0 0 0 1 2 2 3 good Perf 
70 4 0 0 1 0 0 2 2 3 good Perf 

Table 3. The information system with discrete values of the considered criteria 

Using the rough sets concept based on the indiscernibility relation four classes 
(approximate sets) of vehicles are constructed, i.e.: N_accept, Accept, Good and Perf (see 
section 2). The parameters of P-lower approximations, the P-upper approximations and the 
P-boundaries of those sets are presented in table 4. The quality of assignment of all vehicles 
to any class is equal to 0,800. This means that 80 out of 100 vehicles are assigned 
consistently with the expert opinions. However, the accuracy of approximation for 
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particular class of vehicles is not uniform and ranges from 0,440 (for Perf class) to 1,000 
(for Accept and N_accept classes). 

Cardinality of approximation Class of 
vehicles 

Number 
of objects P-lower P-upper P-boundary 

Accuracy of 
approximation 

N_accept 11 11 11 0 1,000 
Accept 11 11 11 0 1,000 
Good 27 23 37 14 0,622 
Perf 21 11 25 14 0,440 

Table 4. The parameters of approximation of the considered classes of vehicles 

The list of 10 characteristics can be reduced in this case to 3 alternative reducts, each 
composed of 7 or 8 characteristics. Thus, RED1

CRS
 = {s1, s2, s3, s4, s6, s8, s9}, RED2

CRS = {s1, 
s3, s4, s5, s6, s8, s9} and RED3

CRS = {s1, s3, s4, s6, s7, s8, s9, s10}. The core of this classification consists of 6 characteristics: CORECRS = {s1, s3, s4, s6, s8, s9}. The characteristics included in the core guarantee the quality of classification equal to 0,7429. 
Based on the P-lower and P-upper approximations of decision classes the list of 13 

decision rules is induced; 12 of them are deterministic and 1 is approximate. The set of 
decision rules is generated by means of extended minimal cover strategy (e.g. [11]). The 
complete list of deterministic rules with its absolute and relative strengths (given in the 
brackets) is as follows: 

• rule 1.   if s8 < 17 then D is N_accept; [10; 90,91%] 
• rule 2.   if s2 = 〈500; 750) & s4 = 〈8,5; 10) then D is N_accept; [1; 9,09%] 
• rule 3.   if s2 = 〈250; 500) & s9 = 〈40; 60) then D is Accept; [8; 72,73%] 
• rule 4.  if (s1 ≤ 1989 or s1 = 〈1992; 1995)) & s3 > 15 & s8 = 〈17; 22) & (s9 = 〈20; 40) or                     s9 > 60) then D is Accept; [2; 18,18%] 
• rule 5.   if  s3 = 〈5; 10) & s9 = 〈40; 60) then D is Accept; [1; 9,09%] 
• rule 6.   if  s3 = 〈10; 15) & s9 > 60 then D is Good; [15, 55.56%,] 
• rule 7.   if  s3 > 15 & s6 < 90 then D is Good; [2; 7,41%] 
• rule 8.   if  s1 = 〈1995; 1998) & s3 > 5 & s6 = 〈90; 102) then D is Good; [4; 14,81%]  
• rule 9.   if  s2 ≤ 250 & s3 = 〈10; 15) then D is Good; [13; 48,15%] 
• rule 10. if  s1 = 〈1995; 1998) & s8 = 〈17; 22) then D is Good; [2; 7,41%] 
• rule 11. if  s1 >1998 then D is Perf; [7; 33,33%] 
• rule 12. if  s4 ≤ 8,5 then D is Perf; [4; 19,05%] 

4.2. The results of  the DRS application  
Since all the considered characteristics are criteria application of the rough sets theory 
based on dominance relation is natural. In this case it is not necessary to transform the 
original values of criteria into the discrete scale. Thus, the applied information system 
remains the same, as presented in table 2. All the computations presented in this section are 
carried out with the application of software 4eMka2001 [12].  

Using the rough sets concept based on dominance relation it is necessary to consider 
union of classes instead of single classes. Constructing the upward union of classes, e.g. 
Accept≥ all the classes that are not worse than the class considered (Accept) are taken into 
consideration (in our case: Accept, Good and Perf). In the case when downward union of 
classes, e.g. Accept≤ is constructed, all the classes not better than the class considered 
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(Accept) are included in the union (in our case: Accept and N_accept). The P-lower and P-
upper approximations of both upward and downward union of classes, as well as the P-
boundaries of those unions of classes are presented in table 5. The quality of sorting of all 
vehicles to any union of classes is equal to 0,970, which means that 97 out of 100 vehicles 
are assigned consistently with the expert opinions. The accuracy of approximation for 
particular union of classes ranges from 0,830 (for N_accept≤ union), through 0,970 (for 
Accept≥ union) to 1,000 (for others). 

Cardinality of approximation Union of classes 
of vehicles 

Number 
of objects P-lower P-upper P-boundary 

Accuracy of 
approximation 

N_accept ≤ 11 10 12 2 0,8300 
Accept ≤ 22 22 22 0 1 
Good ≤ 49 49 49 0 1 
Accept ≥ 59 58 60 2 0,9700 
Good ≥ 48 48 48 0 1 
Perf ≥ 21 21 21 0 1 

Table 5. Parameters of approximation of the considered unions of classes of vehicles 

The list of 10 criteria can be reduced in this case in 6 alternative ways. 5 reducts are 
composed of 3 criteria and one reduct consists of 2 criteria. The complete list of reducts is 
as follows: RED1

DRS = {s3, s10}, RED2
DRS = {s1, s9, s10}, RED3

DRS = {s2, s9, s10}, RED4
DRS= 

{s4, s9, s10}, RED5
DRS = {s6, s9, s10}, RED6

DRS ={s7, s9, s10}. The common part of all reducts 
consists of only 1 criterion, thus COREDRS = {s10}. The CORE guarantees a relatively low 
quality of sorting which is equal to 0,330. 

Based on the P-lower and P-upper approximations of union of classes the list of 15 
decision rules can be induced; 14 are deterministic rules and 1 is approximate one. The set 
of decision rules is generated by means of the minimal cover strategy (see e.g. [10]). The 
complete set of deterministic rules with its absolute and relative strengths (given in the 
brackets) is listed below: 

• rule 1.   if s3 ≥ 654600, then D is N_accept ≤; [10, 100.00%] 
• rule 2.   if s7 ≥ 92, then  D is Accept ≤; [15, 68.18%]  
• rule 3.   if s10 ≤ 40 then D is Accept ≤; [11, 50.00%] 
• rule 4.   if s10≤ 59 & s5 ≥ 8,8 then D is Accept ≤; [20, 90.91%] 
• rule 5.   if s10 ≤ 63 then D is Good ≤; [48, 97.96%] 
• rule 6.   if s4 ≥ 14 then D is Good ≤; [24, 48.98%] 
• rule 7.   if s6 ≤ 0,55 then D is Perf ≥; [14, 66.67%] 
• rule 8.   if s5 ≤ 8,45 then D is Perf ≥; [4, 19.05%] 
• rule 9.   if s3 ≤ 161700 then D is Perf ≥; [7, 33.33%] 
• rule 10. if s10 ≥ 66 & s9 ≥ 22,71 then D is Perf ≥; [15, 71.43%] 
• rule 11. if s10 ≥ 61 then D is Good ≥; [39, 81.25%] 
• rule 12. if s7 ≤ 89,2 then D is Good ≥; [27, 56.25%] 
• rule 13. if s2 ≥ 1993 & s10 ≥ 58 then D is Good ≥; [42, 87.50%] 
• rule 14. if s8 ≥ 41,8 then D is Accept ≥; [58, 100.00%] 

4.3. Comparison of results 
The comparison of generated results allows to draw the following conclusions: 
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• The qualities of the approximations are relatively high for both methods (CRS and 
DRS) and equal 0,970 and 0,800 for DRS and CRS, respectively. However the 
difference between generated results is substantially in favor of DRS. 

• The reducts generated by both methods are substantially different; DRS generates 
reducts composed of a smaller number of characteristics (2-3), while CRS generates 
reducts with a larger number of characteristics (7-8). This observation leads to  
a conclusion that DRS suggests solutions that are more efficient economically. The 
application of DRS can help to decrease the costs of diagnostic process through the 
reduction of the number of the analyzed characteristics. 

• Based on the proposed research one can conclude that the most frequently repeated 
characteristics in the all reducts are as follows: s1 − year of construction, s3 − overall evaluation of the body and chassis, s9 − shock absorber efficiency, s10 − overall evaluation of the electrical system. 

• In same cases certain similarities between reducts generated by CRS and DRS are 
observed. Comparing for instance RED3

CRS={s1, s3, s4, s6, s7, s8, s9, s10} with 
RED2

DRS={s1, s9, s10}, RED4
DRS ={s4, s9, s10}, RED5

 DRS ={s6, s9, s10} and RED6
DRS= 

{s7, s9, s10}, one can conclude asymmetric inclusion, which means that reducts 
RED2

DRS, RED4
DRS, RED5

DRS and RED6
DRS are totally induced in the RED3

CRS. 
•  As far as decision rules are concerned, it is worth mentioning that vast majority of 

them has deterministic character. The decision rules induced by DRS are more 
synthetic and include small number of characteristics in the conditional part of each 
rule. CRS generates more comprehensive and complex description of objects. 

• Most of the decision rules generated by DRS have relative strength greater than 
50%, while most of those generated by CRS have relative strength smaller than 
50%: DRS guarantees a more universe description of the analyzed objects. 

5. Conclusions 
The original output of this research is the analysis of a relatively large set of objects (as 
opposed to [4]) and the concentration on a real life transportation case study. Based on the 
presented research one can conclude that rough sets theory is a useful tool to analyze the 
diagnostic characteristics of a fleet of vehicles. Both CRS and DRS methods can be applied 
to: 

• classifying vehicles into certain classes and define for them appropriate 
maintenance and fleet management policies, 

• analyze the informational capacity and diagnostic usefulness of certain parameters 
and reduce them to a satisfactory set, 

• generate a number of diagnostic decision rules that influence on the development of 
fleet management policies. 

The results of the research prove that DRS seems to be more useful for he diagnostic of 
a fleet of vehicles. In further research the authors plan to extend the list of analyzed 
characteristics and compare CRS and DRS with respect to the set of parameters that include 
both criteria and attributes. They also intend to develop certain decision making procedures 
that will generate automatic assignment of any new objects to a decision class based on the 
decision rules defined in this paper. 
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