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ABSTRACT

Many production activities generate undesirable by-products in conjunction with the desirable outputs they produce. So far, to the best of our knowledge, no study had tried to measure the productive efficiency of the firms while taking into consideration the multiple outputs: good as well as bad outputs for Indian industries, although the theoretical foundations were already developed in the writings of Fare and his colleagues. In this paper at attempt is made to measure the overall productive efficiency (technical as well as allocative) of water polluting industries in India taking into account the both kinds of outputs. For this purpose the theory of distance functions is employed since the distance functions are more general representation of production technology in comparison to conventional cost, production, or profit functions and can successfully tackle the problem of multiple outputs.

1. INTRODUCTION

Most of the published studies typically measure a firm’s performance by production, cost, or profit function based measures of productivity. That is, they make comparison of the marketable output to a function of the inputs employed in production. However, it render incomplete or potentially misleading the comparison of productive entities which produce significant amount of water and air pollution which are undesirable and non-marketed outputs. The standard measures of ‘total factor’ productivity do not lend themselves to include pollution outputs, when resources are directed at reducing undesirable outputs (pollution), instead of producing desirable outputs the input/output ratios of the firm and the productive efficiency of a plant appear to change. An input efficiency measure, which is the amount by which inputs can be reduced while maintaining the level of desirable output, will label the plant as less inefficient than it would be in the absence of this diversion of resources. It is the presence of an unobserved (regulatory) constraint on the plant that causes the input efficiency measure to identify the input combination as sub-optimal. In general, it is expected that   constraints imposed by environmental regulation on the decisions of the firm will be subsumed within an overall measure of efficiency. So far, to the best of our knowledge, no study had tried to measure the productive efficiency of the firms while taking into consideration the multiple outputs: good as well as bad outputs for Indian industries. In this paper at attempt is made to measure the overall productive efficiency (technical as well as allocative) of water polluting industries in India taking into account the both kinds of outputs: desirable and undesirable. For this purpose the theory of distance functions is employed since the distance functions are more general representation of production technology in comparison to conventional cost, production, or profit functions and can successfully tackle the problem of multiple outputs. In standard economic theory a transformation function provides a direct, or ‘primal’ description of production technology. It describes the maximum amount of one output that can be produced, for given levels of production of the remaining outputs, and for given levels of input usage. Alternatively, it states the minimum amount of one input required for the production of given outputs with given amounts of all other inputs. 

Input based efficiency measures are introduced a long ago by Farrell and these measures of overall efficiency were decomposed into technical and allocative components in quantity space. Fare and his colleagues introduced these measures in price space with some modifications and in more generalized terms, with technical productive efficiency target output vector and total cost are given; the goal is to radically contrast observed cost deflated input prices until the target output is achievable given cost. We seek cost deflated input prices that rationalise target output or minimize cost.

The paper is organised as follow: Section 2 provides the theoretical framework of the study. It describes how overall productivity is measured, the concept of input distance function and its properties, measurement of allocative efficiency, and the framework of seeking input shadow prices. Section 3 deals with the problem of computation. In this section, the procedure of linear programming problem for the computation of input distance function, the descriptive statistics, and the results of the study are discussed. The paper closes in section 4 with some concluding remarks.

2. MEASUREMENT OF PRODUCTIVE EFFICIENCY:

Farrell’s (1957) seminal contribution has introduced the concept of productive efficiency as a product of technical efficiency and allocative efficiency. Subsequent literature has addressed, much subsequent work has drawn heavily on his suggestions; a number of questions raised by him and generalized his analysis. For example, the assumption that the production function exhibits constant returns to scale has been relaxed, as has that of homotheticity.  In addition the implications of congestion have been explored. (Input congestion arises when an increase in some input leads to a reduction in the maximum attainable output, and it is represented by positively sloped sections of isoquants. Output congestion arises when a reduction in some output is not possible with the given inputs (weak disposability)). Fare and Lovell (1978) set out a number of desirable properties that should be possessed by an efficiency measure and they argued that Farrell’s measure possesses them only under very restrictive assumptions. They then suggested an alternative measure that has desirable characteristics under more general assumptions regarding technology than those employed by Farrell. A useful and comprehensive discussion can be found in Fare, Grosskopf and Lovell (1985). The presentation made here is heavily based on Fare and Grosskopf (1990) and Fare, Grosskopf and Nelson (1990).

To introduce the dual Farrell-like notions of productive efficiency, suppose there are only two inputs. In figure 1, the isoquant of the dual technology with output u (i.e. the level set [P: C( u, p) = 1]) is denoted by DIDI’. The isocost line that minimises cost relative to L(u) is denoted by XX’. Recall that the input distance function DI(u, x) is a cost function in the price space and the cost function C(u, p) is a distance function in the same space. Following Fare (1984) let A be an element in the dual technology L(u). Dual technical efficiency (DTE) is defined as the ratio OQ/OA. Dual Overall Productive Efficiency (DOPE) is given by OR/OA, and Dual Allocative Efficiency (DAE) is OR/OQ, i.e.

DOPE = DAE. DTE

This is a Farrell like decomposition of overall efficiency into its component measures, allocative and technical efficiency. Fare, Grosskopf and Lovell (1985) has defined these three components as follows:



DTE = 1/[C(u, p)] = 1/[DI(u, x)]


DOPE = [DI(u, x)]/px


DAE = [DI(u, x) C(u, p)]/px = psx/px

Input Distance Function
Suppose a producer employs input vector x((N+ to produce output vector u((M+ in accordance with a production technology represented by the input correspondence L: (M+  (L(u)((N+. An input set L(u) denotes all those input vectors that are technologically feasible which produces the output vector u, i.e. L(u) = {x((N+:x yields  u}. We assume that the technology satisfies the following axioms
:

1. 0(L(u), u(0

2.
x(y(L(u)(x(L(u)

3.
L(u) is convex

4.
L(u) has a closed graph

5.
L((u)( L(u), ((1

The main analytical tool we employ in this is the input distance function introduced by Shephard (1970). The function is defined on the input set L(u) as

DI(x, u) = sup{(>0 :(x/()(L(u)}     ( u((M+,         
We note that x(L(u) if and only if DI(x, u)(1, and that the distance function is homogeneous of degree +1 in the inputs. Also, of course, it inherits properties from the parent technology; for these see Shephard (1970) or Fare (1988). For our purpose, the input distance function has several advantages over more traditional means of representing technology such as the cost function. First, it completely describes technology and is scalar valued as is the traditional functions. In contrast to the traditional functions, the distance function models joint production of multiple outputs. Second, the input distance function is the reciprocal of Debreu-Farrell input based measure of technical efficiency. The isoquant for any level of u can be written as 

Isoq (u) = {x:DI(x, u) =1}

The input based measure of technical efficiency introduced by Debreu and Farrell can thus be interpreted as 

DFI(u, x) = min {(:(x(Isoq(u)}

which is less than or equal to one and further, is the reciprocal of the input distance function. That is 


DFI(u, x) = 1/DI(x, u)

Third, the duality between the input distance function and the cost function allows us to retrieve the shadow prices, which are needed to measure the price (allocative ) efficiency of a firm.

Allocative Efficiency

Price efficiency is attained if all marginal rates of technical substitution (MRTS) are equated to the corresponding ratios of market prices for inputs. Deviation between MRTS and relative prices may arise due to regulation [Atkinson and Halvorson (1980, 1984, 1986)] as well as due to other types of non-competitive environments [see, for example, Toda (1976), Eakin and Kniesner (1988) and Lau and Yotopoulus (1971)]

To place the work in perspective, it would be better to give a brief summary of the shadow price models employed in earlier studies. In particular, we follow the presentation from Atkinson and Halvorson (1984, 1986), Fare and Grosskopf (1990) and Fare, Grosskopf and Nelson (1990). In the shadow price models, the firms are assumed to minimize the total (shadow) cost of producing a given output vector u((M+ for some shadow price vector ps ((N+, i.e.

Cs(u, ps) = minx[psx : x(L(u)] = psx(u, ps)

and the price efficiency is measured as a ratio of shadow cost to observed cost, i.e.


[Cs(u, ps)]/[Co(u, po)]

if this ratio is equal to one then price efficiency prevails. Here po ((N+ are the market prices. Atkinson and Halvorson (1986) note that in theory the measure of price efficiency are input and firm specific and in practice it is obviously not possible to identify separate values of the measure for each observation. However, Fare and Grosskopf (1990) and Fare, Grosskopf and Nelson (1990) have shown that a separate value of the measure of price efficiency can be identified for each observation. For this purpose, they use Shephard’s input distance function to represent technology rather than cost function and employ a dual Shephard lemma to retrieve firm and input specific shadow prices.

Shadow Prices of Inputs
Shephard (1953, 1970) has shown that input distance function and cost function are dual to each other, i.e. the input distance function is a cost function in the price space and the cost function is a distance function in the same space, or input distance function may be obtained as a price minimal cost function.

C(u, ps) = minx[ psx :DI(x, u)(1]


(1)

DI(x, u) = minp[psx : C( u, ps )(1]


(1a)

To make use of the duality in finding shadow prices of inputs, it is assumed that cost and distance functions are differentiable and consider the Langrange problem


min ( = psx - ([DI(x, u) -1]


(2)

The first order conditions for input choices are 



ps = ((u, x)(xDI(x, u)



(3)

where ps and (xDI(x, u) are of dimensions (NX1) and is a scalar. Shephard (1970) demonstrated that ((u, x) =C(u, p) at the optimum. Thus


p = C(u, p)(xDI(x, u)



(4)

Our next goal is to establish a relation between the gradient vector (xDI(x, u) and the shadow prices we seek, we make use of the second part of the duality theorem, namely


DI(x, u) = ps(x, u)x



(5)

Where ps(x, u) denotes the cost minimizing input price vector. Shephard’s dual lemma is applied to yield the desired relationship


(xDI(x, u) = ps(x, u)



(6)

Substitution of (6) into (4) yields


p = C(u, p)ps(x, u)



(7)

Thus ps(x, u) derived from Shephard’s dual lemma may be interpreted as a vector of normalized or cost deflated input price vector. The formulation in (7) shows that un-deflated shadow price p can be computed when minimum cost C(u, p) is known. However, C(u, p) depends on p, which is the vector of shadow prices we seek. Therefore, in order to obtain C(u, p), we assume that:

‘One observed input price equals its absolute shadow price.’

Suppose the observed price of the nth input pno equals its absolute shadow price pns. Then, whenever, x and u are known, we can compute minimum cost from (7) as


C = pno/pns(x, u) 




(8)

For all n’( n absolute shadow prices pn’s are given by


pn’s = C.pn’s(x, u) = C[(DI(x, u)/(xn’]

                              
(DI((x, u)/(xn’


= pn’o----------------------



(9)




(DI(x, u)/(xn

3. DATA, ESTIMATION PROCEDURE AND RESULTS

Translog Input Distance Function and Data


In order to estimate the shadow prices of inputs for the Indian water polluting industry using equation (9), the parameters of input distance function have to be estimated. The translog functional form
 is chosen for estimating the input distance function for the Indian water polluting industries which is given as follows:

ln DI(x, y) = (0 + ((n ln xn +( (m ln um + 1/2( ( (nn’ (ln xn) (ln xn’) + 1/2 ( ( (mm’ (lnum)(ln um’) + ( ( (nm (ln xn) (ln um) 
                                       (10)               

where x and u are respectively, Nx1 and Mx1 vectors of inputs and outputs.

The data used in this paper is from a recent survey of water polluting industries in India.
  This survey data provides information about the plant characteristics: sales value, capital stock, wage bill, fuel cost and other material input cost of the plant and waste water volume, influent and effluent quality for BOD (bio oxygen demand), COD (chemical oxygen demand) and SS (suspended solids), capital stock, wage bill, fuel and material input cost of effluent treatment plant for a sample of 60 firms. These firms in the sample belong to chemicals, fertilisers, pharmaceuticals, drugs, iron and steel, thermal power, refining and others. For estimating the output distance function, the technology of each plant is described by joint outputs: sales value (good output) and COD, BOD and SS (bad outputs) and inputs: capital, labour, fuel and materials. The water polluting firms in the Indian industry are supposed to meet the standards set for the pollutants (30mg/l for BOD, 250mg/l for COD, and 100mg/l for SSP) by the Central Pollution Control Board. Command and Control regulatory instruments are used to make the firms realise the standards. All sixty firms in the sample have effluent treatment plants and in addition some firms are using process changes in production to achieve the effluent standards. However, there is a large variation in the degree of compliance among the firms measured in terms of ratio of standard to effluent quality. The large variation in the degree of compliance by the firms can be explained by the laxity of formal environmental regulation by the government, use of command and control instruments that may not provide incentives to the firms for choosing least cost abatement technologies, and the absence of informal regulation
 by the communities in the neighbourhood of the firms. 

Estimation of Input Distance Function: Programming Model

In this section, a linear programming technique is used to estimate the parameters of a deterministic translog input distance function (Aigner and Chu 1968). This is accomplished by solving the problem,


min ( [ ln DI (x , u) - ln 1],                              

           (11)                  

subject to

(i)

ln DI (x, u) ( 0

(ii) 
      ( (n = 1



( (nn’ =((nm = 0

(iii)
(nn’ = (n’n                                              n = 1, 2, …., N



(mm’ = (m’m                                           m = 1, 2, …, M   
Here first is the desirable and the rest of (M-1) outputs are undesirable and ln DI (x, u) has an explicit translog functional form. The objective function ‘minimizes’ the sum of the deviations of individual observations from the frontier of technology. Since the distance function takes a value of greater than or equal to one, the natural logarithm of the distance function is greater than or equal to zero. The first set of constraints, i.e. (i) restrict the individual observations to be on or ‘above’ the frontier of the technology. The constraints in (ii) impose homogeniety of degree +1 in inputs. The final set of constraints in (iii) imposes symmetry. 

Results

We have noted the productive efficiency is the product of technical efficiency and allocative efficiency of a firm and the reciprocal of input distance function is a measure of technical efficiency. To calculate the value of DI(x, u), we adopted the parametric linear programming approach for the estimation of the parameters of the input distance function. The distance function could be estimated as a stochastic frontier if sufficient data were available. Our sample size of 60 renders that approach infeasible here.  By calculating the value of input distance function non-parametrically one is encountered with the problem of non-uniqueness of solutions.

Turning to out results, table 2 provides the parameter estimates of (10)-(11). The estimated frontier input distance function satisfies the concavity-convexity conditions in inputs and outputs as is required by the theory. These parameter estimates were used to compute the value of the input distance functions and shadow costs for each plant. On average the input distance function has a value of 1.01 with standard deviation 0.021. Thus, the cost of production for plants in our sample would be decreased by one percent on average if all plants operated at a point of the frontier. Stated in terms of input technical efficiency (the reciprocal of the input distance function) the mean degree of efficiency when both ‘good’ and the ‘bad’ are accounted for is 0.99.

We compute normalised shadow prices for each plant of inputs using (8). To derive absolute shadow prices for inputs, we assume that the absolute shadow price of material inputs (psm)  is equal to its observed market price  (pom) and compute the shadow prices for each plant employing (8) and (9).

The last row of table 3 includes mean of our plant specific technical, allocative and overall input efficiencies. Coefficients of variations are large enough, which is perhaps not surprising given the large variations in the observed levels of inputs and outputs from the statistics in table 1 and the fact that we are using a translog specification of technology
.

These large coefficients of variations in plant specific efficiencies may also reflect the fact that different plants/industries use different processes for the production of desirable output and for the abatement of undesirable outputs. Accordingly each of these industries and calculated mean values of the plant specific efficiencies disaggregate the results by industry. These disaggregated results (see table 3) suggest that there is considerable variation in efficiencies by industry. These large coefficients of variations tell that there is also considerable variation within each industry as well.

4.CONCLUSION
In this paper an analytical framework has been developed and illustrated for calculating plant specific measure of productive efficiency in the presence of multiple outputs: the desirable output and undesirable outputs. A distinguishing feature of the framework is that it provides three pieces of information at the same time: it describes the structure of multiple outputs producing production technology, it provides a measure of productive efficiency for each producer, and it provides shadow prices of inputs for each producer. The technology is modelled with the input distance function that is a particularly attractive representation in this context. It can accommodate multiple outputs: good as well as bads, it is dual to the cost function, and it is the reciprocal of Farrell’s input based measure of technical efficiency. A dual Shephard’s lemma applied to the input distance function generated normalised shadow prices of inputs, which are converted to absolute shadow price by assuming that the shadow price for one input coincides with its observed price, and allocative efficiency is measured as a ratio of shadow cost to observed cost for each producer. This technique has the unique advantage that it measures the productive performance of a firm when its objective is not only to increase the production of desirable output but also direct the resources to abate the production of bad outputs (pollution).

Figure 1. Measuring Dual Technical Efficiency, Dual Allocative Efficiency and Dual Overall Productive Efficiency in Price Space.
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Table 1: Descriptive Statistics of Variables Used in Estimation 

of Input Distance Function
	Variable
	Maximum
	Minimum
	Mean
	Standard Deviation

	1.Sales
	     24197.4
	    6.32
	  1335.972
	3348.053

	2.BOD
	  1368203.0
	  138.70    
	      116859.060
	      234767.140

	3.COD
	10005560.0
	335.80
	934810.750
	1954634.800

	4.SS
	15658500.0
	642.40
	  1637753.900
	2799843.000

	5.Capital Cost
	      66288.7
	  11.10
	    4207.929
	11545.509

	6.Wage Bill
	        1341.9
	    0.05
	       85.577
	191.099

	7.Power Cost
	      16150.0 
	    2.58
	     779.090
	2505.045

	8.Material

cost
	          892.5
	    0.13
	     123.360
	207.692


Note: Sales, wage bill, power cost, material cost and capital cost are in Rupees Million and BOD, COD and SS are in tonnes.

Table 2. Parametric Estimates of Linear Programming Input Distance Function 
	Value
	Parameter
	Parameter
	Value

	0.839
	(0
	(44
	0.157

	-0.749
	(1
	(12
	-0.005

	0.122
	(2
	(13
	-0.008

	0.028
	(3
	(14
	-0.048

	-0.312
	(4
	(23
	-0.074

	-0.159
	(1
	(24
	0.132

	0.169
	(2
	(34
	0.085

	0.274
	(3
	(11
	0.108

	0.716
	(4
	(12
	0.076

	-0.128
	(11
	(13
	0.321

	-0.005
	(22
	(14
	-0.336

	-0.022
	(33
	(21
	0.081

	0.017
	(44
	(22
	-0.104

	0.027
	(12
	(23
	-0.039

	-0.027
	(13
	(24
	0.025

	0.124
	(14
	(31
	-0.011

	0.018
	(23
	(32
	0.072

	-0.043
	(24
	(33
	-0.044

	0.037
	(34
	(34
	-0.012

	-0.056
	(11
	(41
	-0.005

	-0.051
	(22
	(42
	-0.020

	-0.133
	(33
	(43
	-0.013

	
	
	(44
	-0.098


Table 3. Measurement of Mean Level of Technical Efficiency, Price Efficiency and Overall Efficiency of Water Polluting Industries in India.
	Industry/Firms
	Technical Efficiency
	Allocative Efficiency
	Overall Efficiency

	Fertilizer 4
	0.988(2.09)
	0.801(89.39)
	0.798(89.89)

	Sugar 11
	0.997(0.47)
	1.00(48.56)
	0.997(48.38)

	Distillery 5
	0.983(3.54)
	0.373(141.6)
	0.384(132.0)

	Chemicals 11
	0.984(2.75)
	1.00(55.83)
	0.984(53.66)

	Refinery 2
	1.00(0)
	0.566(13.53)
	0.566(13.53)

	Tannery 4
	0.986(2.37)
	0.556(122.9)
	0.556(123.2)

	Iron &Steel 1
	1.00(0)
	0.659(0)
	0.659(0)

	Paper & paper products 16
	0.99(1.36)
	0.566(65.73)
	0.56(65.81)

	Drug 4
	0.994(1.09)
	0.959(72.94)
	0.953(91.26)

	Misc. 2
	1.00(0)
	0.591(69.20)
	0.591(69.20)

	All Firms 60
	0.99(2.0)
	0.823(71.69)
	0.815(69.49)


Figures in brackets are coefficients of variations.
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� for  a detailed description of axioms see Fare 1988.





� Many earlier studies for estimating shadow prices of pollutants have used the translog functional form for estimating the output distance function. These include Pitman (1981), Fare et al. (1990),  Coggins and Swinton (1996) and Surender Kumar (1999).


� A Survey of Water Polluting Industries in India, Research Project, `Fiscal  Instruments for Water Pollution  Abatement in India’, Institute of Economic Growth, Delhi.


� For empirical evidence about informal regulation by the local communities see Murty et al. (1999) and 


Greening Industry Report, World Bank, 2000.





� Note that the mean efficiencies in table 3 are calculated as the average of the plant specific estimates of the efficiencies, not as the efficiencies calculated at the mean values of the data.





