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Abstract

Increased recycling and reuse rates are a central part of the objectives laid out by the

COP21 (?). Nonetheless, the practical implementation of what has been called the

circular economy, as well as its true potential are not easily established. This is because

the impact and implementation time scales of any intervention depend on knowing

the lifetime of products, which is frequently unknown. This is particularly true in

construction, responsible for 39% of worldwide emissions, 11% of which are embodied.

Most mfa models will simply assume a range of plausible life expectancies when

bottom-up data is lacking (e.g. for buildings (?)). In this work, we propose a novel

method of identification using the high quality but highly aggregated trade data available,

and use it to establish a “mortality curve” for buildings and other long-lasting products.

This identification method is intended to provide more reliable inputs to existing mfa

models. It is widely applicable due to the general availability of the underlying data.

Using it on uk trade data, we identify product classes at 1 year for packaging/home

scrap, one around 10 years for vehicles/equipment, and around 50 years for construction.

The identification approach was then validated using classical approaches using bottom

up data for vehicles.
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1. Motivation

Buildings and the construction industry are responsible for almost 39% of energy-

related carbon dioxide emissions and 36% of global energy use (?). A quarter of these

emissions are connected to steel and cement used in construction, 4 and 7% global

emissions respectively (??). Stocks, and to a large extent inflows, of materials have

stabilised in the ‘industrialised’ countries since the 1970s, but this is not yet the case for

outflows (?). In turn, the outflows are a critical aspect of determining the emissions of

future inflows, due to changing recycled content. In the less industrialised parts of the

world, urbanisation growth (?) leads to the prediction of a doubling of the building floor

area from 2015 to 2050, from 223·109 m2 to 415·109 m2. Projections using material flow

analysis rely on demographic and economic forecasts as well as assumptions about the

life expectancy of buildings. Buildings are only one of a number of long-life ‘products’

for which there are no fully satisfactory life expectancy models. Yet these products

represent an important part of the overall flow of steel, and their eventual retirement will

impact the availability of material for recycling with important consequences for the

steel industry (?).

A survey of available data indicates that the uncertainty around estimates of building

life expectancy is considerable. The ? indicates buildings should be designed for a

lifetime of 60 years. However, real life spans can be much shorter as confirmed in many

surveys. The Minnesota Demolition Survey (?) covered demolished buildings in St. Paul

between 2000 to mid-2003 and reported that from a pool of 227 buildings, 6% and 23%

were demolished at 0-25 and 25-50 years, respectively. Only 16% (17 out of 104) of the

commercial buildings were demolished due to the “building’s physical condition”. The

US construction codes have changed considerably between the construction of these

buildings and now: current aci codes suggest a 50 year baseline for concrete buildings. ?

analysed a dataset of all 50,818 buildings demolished in Finland between 2000 and 2012,

showing that non-domestic buildings have typical life spans of less than 40 years, which
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is considerably shorter than domestic buildings, as shown in Table 1. Good data is also

available in Japan: ? distinguished the lifetime distributions of buildings in Japan by

construction material, and ? could assess the impact of economic prosperity on building

lifetimes. In general, such high quality statistics are not available, and it is not correct to

infer life time of buildings from the prescription of building codes.

Table 1: Average age at the time of demolition by building type (?).

Building type Lifetime

Detached houses 64
Terraced (row) houses 44
Block of flats 62
Dormitories 36
Holiday cottages 47
Utility buildings 47

Commercial and office buildings 39
Public buildings 41
Warehouses 37
Industrial buildings 37
Agricultural buildings 35
Transport buildings 36
Other buildings 32

The high levels of uncertainty for long-lived products propagates to the analysis

of the material flows. The same product category can have very different life-times

depending on the country or circumstances, which makes it problematic to use data

obtained in one area to another. Table 2 presents lifetimes of steel for Sweden, Japan and

the UK. Lifetimes are calculated by ? and ? by applying lifetime estimates of the the

steel consumption for the year when end-of-life (eol) scrap was collected. Meanwhile,

? conducted volume correlation to calculate lifetimes of eol steel, ? used Dynamic

Material Flow Analysis (dfma) to estimate lifetimes for stainless steels in Japan, and ?

used dfma to assess service lifetimes of eol steel. The range of results highlights the

need for a top-down approach which can identify the lifetimes of long-lived products in

the absence of good bottom-up data.

3



Table 2: Lifetime analysis of steel

Authors Country Sector Year Lifetime

? UK Construction 2000 60
? Sweden Construction 2006 80
? Japan Stainless steel for construction 2005 30
? UK Lifetime of total steel 2000 31
? Sweden Lifetime of total steel 2006 35
? Sweden Service lifetimes of eol steel 2012 35
? World Service lifetimes of eol steel 2012 28
? World Service lifetimes of products 2013 various
? World Service lifetimes of products 2014 various

Many studies rely on the design life of products to infer the end-of-life distribution

because of the lack of reliable data (???), but there are some exceptions: there is good

commercial data available in many countries for cars, and lifetime estimation by the

fitting of a single Weibull distribution has yielded good results (???). Current methods

for identifying the life-time distribution of goods have a fixed number of parameters:

they attempt to identify the parameters of a single distribution. But it is in fact not known

whether this is enough for any particular class of product, and in particular in the case

of buildings, which can differ widely depending on function, location, design, etc. The

fundamental assumption behind the identification process in the previous works is that a

class of product has a characteristic life-time, modulated by a shape parameter (typically

using a Weibull distribution). In this work, we identify product categories, after the

identification which tries to capture accurately narrow life-time categories instead of

product classes as such.

A source of data which could be used to estimate lifetimes are trade statistics on the

basic inputs for buildings and long lasting goods — steel and concrete — which have

been collected in many countries since the early 20th century. These high quality data

series, however, lack disaggregation into finished product categories or uses. The steel

trade statistics (?) also tabulate scrap as a proxy for outflows. In principle it is possible,

given the inflows and outflows, to compute a transfer function (tf) which describes the
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probability distribution of the delay between an inflow and its release as an outflow,

following use and discard. A key difficulty is that not all steel is accounted for in the

scrap based outflow calculations, because of imperfect accounting, so-called hibernating

steel stocks and landfilling. Therefore, a tf derived from inflows and outflows, cannot

quantitatively describe the amount of steel which goes into any particular product

category, and is therefore not a lifetime probability distribution function (pdf).

This shortcoming is less important than it may seem: in most instances, the recycling

rates are known — e.g. in the uk, 7% of heavy structural sections and tubes, 15% of steel

piles (sheet and bearing), and 10% of profile steel cladding in construction is currently

reused (??), and almost all other steel is recycled. Therefore, the total amounts can be

obtained from other data sources and the tf can be transformed into a pdf.

In this paper we present the method and an overall tf for steel in the uk. We show

how to extract individual tfs for buildings and cars and produce the pdf from them.

We then compare our top-down method with bottom-up data for these two product

categories, to validate the derived pdf. Such a method, as proposed in this paper, can

then be used to provide inputs into more general mfa models such as the ones from ? or

?.

2. Methods

In this section, we detail how the tf is derived and fitted to inflow and outflow data.

Then, a method is described for validating the tf against bottom-up data for building

and vehicles.

2.1. The Transfer Function

The tf describes how each unit of steel input, used for indirect sources (i.e. cars)

or direct sources (i.e. beams) is output to scrap. This analysis considers each unit of

steel to include all product categories, amalgamating all uk steel consumption and scrap

generation. The function is equivalent to a lifetime probability distribution describing
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the delay between an input of steel into the use-phase and its corresponding output as

scrap, considering the fraction lost ether to landfill or kept forever in stocks.

The predicted scrap output (output) from the steel input into the production of goods

( input) is:

output = TF ∗ input (1)

where TF is the tf and ∗ is the convolution operator.

output = TF ∗ input =

t∫
0

TF(τ) input(t − τ) dτ (2)

We have investigated two variants: a sum of Weibull distributions; a sum of log-

normal distributions. Weibull and log-normal distributions are good choices to model

lifetimes as they are semi-infinite, easily shaped and have been shown experimentally

to provide a good fit to lifetime data (?). Additionally, to account for the fact that both

distribution types have a probability of 0 at t = 0, a decaying exponential was included

in the tf to reflect any scrap that is generated within the first year. This could be scrap

from short-life steel products, such as packaging containers, or due to premature failures

of long-life products. To account for imperfect recovery and allow some proportion of

steel to be permanently accumulated in the system, for example, a loss fraction φloss was

determined in the fitting procedure, such that the integral of the final tf was equal to

one minus this fraction. This accumulation of steel is assumed to remain permanently

in the stock (hibernating), or to be lost (i.e. to landfill) with no expectation of recovery.

The general shape of the tf, given distributionsDi is:

tf =

φ1e−t +
∑

i

φiDi(t)

 (1 − φloss) (3)

where the φ values are the unknown parameters which determine the dominant charac-

teristic times in the overall tf.
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The parameters in the sum of log-normal distributions (equation 4) are σ, the

spread of each distribution; µ, the characteristic time; and φ the fraction by which each

distribution is weighted. For each element in the summation, the time parameter µ is set

at regular 5-year intervals while the spread σ is set constant at 5 years.

tf =

φ1e−t +
∑

i

φi exp

−
(
log(t) − log(µi)

)2

σ2
i

 σi
√

2π
t

 (1 − φloss) (4)

The parameters for the tf based on the Weibull distribution (equation 5) were defined

in a similar way to set the characteristic lifetimes at the same intervals with the same

spread as described for the log-normal distribution. This was achieved by defining the

shape parameter β, the scale parameter η and the location parameter γ. For example, for

five-year intervals β = 3.1 ;

tf =

φ1e−t +
∑

i

φi exp
{
−

(t − γi)βi

ηi

}
βi

ηi

(
t − γi

ηi

)βi
 (1 − φloss) (5)

As well as investigating the use of the Weibull distribution versus the log-normal,

the characteristic times were also varied between runs to identify the optimal interval

between adjacent peaks. The sampling rates chosen were: 1, 2, 5, 7, and 14 years. If the

discretisation is too fine, the function is not useful as the scrap market is sensitive to

variations in socio-economic factors which we do not wish to model explicitly. On the

other hand, if the intervals are too wide, the uncertainty in the results would be greater

and a smoothing effect is likely to occur. The sampling rates chosen are odd so the

peaks are neatly centered on data points, except for 2, which is the minimum theoretical

sampling rate which could identify the transfer function and 14, which is a “large” value

corresponding to the commonly assumed life-time of cars.

To identify these functions meaningfully, they must satisfy the following require-

ments:

• The function must be easily parametrised as too many parameters make the fit

with the limited data meaningless.
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• The parameters to be determined in the fitting process must have meaning such

that the result can be interpreted.

• The function must satisfy the appropriate boundary conditions. For example, a

sum of Gaussian functions would be unsuitable as they extend from −∞ to +∞,

allowing negative lifetimes to have a non-zero probability.

• The fit procedure must yield a unique answer.

The parametrisation chosen in this study satisfies all of the above conditions. A sum of

either log-normal or Weibull distributions meets the boundary condition requirements

and can be easily parametrised. Therefore, this analysis explores both distribution types.

The transfer function identified for any product category is not composed of a single

peak, but multiple ones, allowing for a large flexibility in the shape of the fitted function.

2.2. The lifetime probability distribution

From the transfer function for a specific product class, identified using the procedure

described in 2.3, it is possible to derive a lifetime probability distribution function (pdf).

The peaks corresponding to the product class are isolated from the global tf and need to

be scaled to correspond to life-times. The tf corresponding to the product modelled by

the peaks i = i0 . . . iN is:

tf = recycling rate ·
i=iN∑
i=i0

φiDi(t) (6)

This requires further inputs concerning the product class: the recycling rate at end-of-life.

These data are typically available from trade bodies or official statistics. To transform

the tf into a pdf, the following normalisation is needed:

pdf =
tf∫ ∞

0 tf dt
(7)

The lifetime probability distribution is then what is used as input in mfa models. We

demonstrate how to use the tf to derive the pdf for two classes of products, buildings

and cars in the result section below.
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A difficulty arises when multiple product classes have tf with overlapping peaks.

This can be resolved knowing the amount of steel going into the production of the

products, information commonly available from trade bodies. In the case of two

products A and B (tfA,B the identified overall tf):

tfA,B =
inputA · recycling rateA · tfA + inputB · recycling rateB · tfB

inputA + inputB
(8)

Because the inputs and recycling rates are typically known, and since in the overlapping

section at every peak, (c a constant):

tfA = c · tfB c =
inputB · recycling rateB

inputA · recycling rateA
(9)

We can reduce the problem to a single unknown, e.g. for B:

tfB = tfA,B
inputA + inputB

(inputA · recycling rateA · c + recycling rateB)
(10)

To properly identify the pdf, the fitting procedure should be done over a period

where it does not change too much. Otherwise the identified pdf will be a mixture, and

much broader than the actual distribution at any point in time. Building life-times are

relatively stable, unlike car life-times and this is visible at the bottom of Figure 1 where

the choice of the fitting period affects the observed distribution.

2.3. The fitting procedure

A complete definition of the tf involves determining the unknowns in equations

4 and 5: the fractions by which each element is weighted φ; the constant fraction of

scrap which persists in the system. To identify these, a fitting procedure is required. A

genetic algorithm was implemented in Python to carry out the fitting process. Genetic

algorithms (ga) are robust numerical methods suitable for fitting problems with high

parameter counts, non-smooth solution spaces and poor variable separation. While there

are many variants of the genetic algorithm, all are based on the idea of a population

of candidate solutions which are mutated and then, reproduced if they are relatively
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close to the objective, or culled if they are far. The specifics of the mutation rate, the

parametrisation of the function, etc. are chosen depending on the problem. We have

chosen a simple approach with a particular mutation strategy, described below, to smooth

the search for appropriate solutions.

The fitting of the parameters was achieved using an asexual genetic algorithm with

“elitism”. This means that the n best solutions are retained after each iteration without

mutation thus allowing the “best” genes in the solution pool to be carried forward

to the next generation. The objective function is the Euclidean distance between the

predicted scrap (from the model) and the tabulated scrap (from the data). The algorithm

attempts to minimise this value, while a scoring system based on this distance was

used to identify the n best solutions. Convergence was assumed to be reached when the

parameters of the best solution were kept largely constant for more than 200 iterations.

The population size was 1000 and the elite individuals kept were 500. High mutation

rates are imposed at the beginning of the process and subsequently lowered to allow for

efficient convergence.

Between each distribution and its successor the fraction φi is mutated at each iteration,

starting from t = 5 in the following way:

• Initially, a uniformly distributed variable v between -0.4 and 0.4 was generated

• The variable determined the mutation of the fraction φi in the following way:

φi = φi−1 + vφi−1 (11)

• If the parameters of the best solution were held constant over more than 100

iterations, then the bounds of the uniformly distributed variable v were decreased

to -0.2 and 0.2.

• Finally, as is common in a ga, a crossover function was implemented: with a

relatively high probability of 15%, two fractions, picked randomly, are swapped.
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This ensures that large changes are always possible, allowing the whole solution

space to be explored.

2.4. Optimising and Validating the tf

The result of the ga procedure, is a single tf calibrated over the entire data set, and

assuming constant characteristic lifetimes of the products from 1950 to 2014. While

lifetimes may well vary over the period, variations are unlikely to be large and are

assumed to be within the expected uncertainty. Therefore, the tf provides a single

picture of the average lifetimes of all steel product categories, over this period. To verify

that the change in lifetimes is in fact small, the optimiser was run over two periods: the

first one using scrap from 1950 to 1970 and the second using scrap from 1970 to 2014.

Identifying a peak corresponding to a single product category in the tf requires two

conditions to be met:

• The distributions must be exclusive: it is not possible to distinguish overlapping

distributions with the same mean and standard deviation. Overlapping distribu-

tions are, therefore, classed as one category.

• The distributions are contiguous: a single product category cannot have a multi-

modal lifetime probability distribution. If it did, it would be classed as multiple

product categories.

To verify that the emergent peaks in the tf are meaningful, an analysis was conducted

to compute the contribution of each individual distribution to the overall tf. An arbitrary

contribution factor was defined and computed for each distribution at different sampling

rates. If this factor was above a defined level of noise, its contribution to an overall peak

was classified as meaningful. The contribution factor was determined in the following

way.

• The scrap data was de-trended to reveal the discrepancies between the predicted

scrap and the scrap data each year.
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• Next, we determined an upper and lower bound between which 90% of these

discrepancies lie.

• We then removed a single distribution from the tf by setting its weighting φ to 0

and then compute the change in the percentage between the 90% bounds identified

in the previous step. This gives us an idea of the level of contribution of that

particular element, to the tf, whereby a large change suggests a large contribution.

• The process was repeated for each element in the tf.

2.5. Validation

to validate the overall method, we used disaggregated bottom-up data for the two

main steel product categories: construction and vehicles to obtain sector specific life-

time probability distributions. Through doing this, we were able to gain additional

insights into the capabilities of the model, validate the overall tf and assess the steel

consumption and scrap generation trends in the uk through a socio-economic lens. The

following sections explain how the bottom-up data was collected and applied using the

methodology described above.

2.5.1. Predicting arisings from the construction industry

To compute an estimation of the scrap arisings from the construction industry, we

first determined the steel consumed by this sector. We used the methodology outlined

in the thesis of ? to estimate the proportion of different types of elements, sections,

light sections plates, etc. which go to the construction industry. These proportions, in

combination with uk trade and production statistics from the issb yearbook (?), are then

employed to compute the steel inflows to the construction industry over the period from

1899 to 2014.

The corresponding scrap arisings were estimated using this data together with the

lifetime probability distributions of buildings. This distribution was determined by

inspection of the overall tf; the peak which likely corresponds to construction was
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extracted from the tf and applied to the steel consumption data series, giving the

projected scrap arisings. To obtain the probability distribution function from the tf, it

was renormalised to reflect the fact that currently (97%) of the steel from demolition

is sent for recycling (?), as indicated by industry surveys. The predicted scrap arising

was compared to a limited series of bottom-up data collected by the National Federation

of Demolition Contractors (?). More detail on these data series can be found in the

appendix.

2.5.2. Computing the lifetime of vehicles using bottom-up data

The proposed method is mostly useful when no information is available to create

a bottom up model of the material flows. The assess its performance against more

commonly used identification procedures, we use the case of the car industry for which

detailed information is available.

Using bottom-up data, the magnitude of steel flows into and out of the uk vehicle

stock were estimated for each year given that the following quantities were known: the

number of new and scrapped vehicles (???), the average mass of new vehicles (??)

and the average steel content of new vehicles (?). In general, estimates of the steel

scrap output from the vehicle stock is not publicly available and requires creating a

stock model to estimate the age distribution of vehicles on the road. Vehicle stock

models have been used in past work (???) and generally require knowledge of the age

of scrapped vehicles in a given base year. In combination with historic new vehicle

registration data, the age of the vehicles at end-of-life was used to compute the lifetime

probability distribution for uk vehicles solely from bottom-up data. Applying this to the

new vehicle registration data produces an estimate of the scrap output from vehicles. The

methodology described in sections 2.1 and 2.3 was then used to compute a pdf which

mapped the consumption data approximately to the scrap estimation. This function is

equivalent to the lifetime probability distribution of vehicles and was compared to that

found using the bottom-up data in order to verify the methodology used.
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2.5.3. Identifying other steel categories

The dominant steel product categories are construction and vehicles which account

for two thirds of all steel consumption in the uk (?). The remaining third is incorporated

into containers, machinery and equipment etc. However, there is a lack of sector-specific

data as scrap is rarely disaggregated into product categories with the exception of

vehicles and, in recent years, construction. The input data for these two categories

were excluded from the aggregated uk data to generate input data corresponding to

the steel in other product categories. The same method was applied to scrap data.

For construction, where scrap data is only available in recent years, predicted scrap

arisings were calculated using the method previously described in section 2.5.1. Once

construction and vehicle data was excluded, the genetic algorithm was again applied, as

described in section 2.3, to obtain a pdf describing the lifetime probability distribution

of the other product categories.

3. Results

uk steel data was used to predict the lifetime probability of all uk steel products over

the period 1950-2014. The resulting tf is presented in Figure 2, obtained using both

the Weibull and log-normal distributions. There are two distinct peaks in both cases as

well as a large 1-year peak represented by the exponential. The first peak, at 9-10 years,

most likely relates to vehicles, machinery and equipment. These product categories

are expected to have similar lifetimes with overlapping distributions and, therefore,

cannot reliably be distinguished. The second peak, at approximately 55 years, most

likely correspond to construction. The tf for both distribution types are similar with the

dominant peaks occurring at approximately the same characteristic times. Therefore,

the use of either distribution is considered acceptable. The predicted scrap output using

the Weibull tf compared to the scrap data; a close match is achieved with an average

percentage error of 8%, indicating the model is working well.

The parameters of the tf were adjusted between runs to investigate the effect of
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varying the interval between the peaks of adjacent distributions. This varied the number

of elements in the summation as well as their characteristic times. Figure 1 illustrates

the effect of this variation. As expected, when the discretisation is too fine i.e. 1 or

2 years intervals between the characteristic times µ (i,e. dark blue curve), there are

more fluctuations in the tf and it appears ‘noisy’. This is due to the overlap between

adjacent peaks being insignificant and so the superposition of adjacent peaks does not

yield satisfactory results. On the other hand, when the interval is too wide i.e. 7 or 14

years, the overlap is too large between the peaks and therefore individual peaks cannot

be distinguished, leading to a smoothing effect (i.e. yellow curve). Peaks identified

in the tf are meaningful and contribute significantly to the scrap prediction. For all

sampling rates, the distributions with the highest contributions are at characteristic times

of approximately 9-10 years and 50-54 years which correspond to the distinct peaks in

Figure 2.

This is reflected in the middle plot of Figure 1, which shows that those peaks

are captured robustly with the interval being varied, and therefore should be visible

individually when the interval is chosen. Further, the proposed procedure should be

robust absent bottom up data, and so have the fewest possible degrees of freedom to fit.

Therefore, the choice of the 5-year interval as the value which minimises the number of

degrees of freedom in the sampling function, without flattening all the peak is validated.

The optimiser was run separately over two time periods, 1950–70 and 1970–2014,

to find possible changes in the characteristic lifetimes of steel products during the time

period covered by the uk steel data (Figure 1, bottom). The result shows some minor

shift in the dominant peaks, perhaps indicating a slight increase in lifetimes of various

steel products.
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Figure 1: Top. The lifetime probability distribution of steel in the uk between 1950-2014 for different
sampling periods i.e. different intervals between the characteristic times for each element in the tf. Middle.
The contribution of each element in the tf for different sampling rates. Bottom. The tfs obtained for uk steel
for two separate time period: 1950-1970 and 1970-2014.
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Figure 2: Left. The transfer function of steel in the uk between 1950-2014 using a Weibull and Log-normal
distribution. Right. UK steel consumption, scrap generation and the predicted scrap using Weibull between
1950-2014. Underlying data used to create this figure can be found in the Supporting Information.

3.1. Validating the model using scrap arising data from construction

The peak corresponding to construction, i.e. at 50-54 years, was extracted from

the overall tf shown in Figure 2, as described in Section 2.5.1, using a Weibull tf for

simplicity. After re-normalising the extracted function to transform it to a pdf, it was

applied to uk construction consumption data (inflows) to predict scrap arisings. Figure 3

shows the predicted scrap arisings, compared to bottom-up data collected by the NFDC,

representing 80% of the top professional demolition contractors by value of contracts

(?).

The nfdc survey, shows that 1.07 million metric tons metal was sent for recycling or

reuse after demolition, (?) in 2015. The uk annually exports approximately 7 million

metric tons steel scrap for recycling (?), as much as the uk consumes annually in a new

products (?), representing 78% of all generated steel scrap in the uk.

3.2. Validating the model using a bottom-up model of UK vehicles

The optimisation routine was run using vehicle-specific data from the uk, as de-

scribed in section 2.5.2. Figure 4 shows the predicted lifetime pdfs obtained for vehicles

in our model after normalisation for 1954 and 1980, and the lifetime probability dis-

tribution found directly from bottom-up UK data for 1995—2019. The results show

an increase in vehicle lifetimes over the 60-year period covered by the data. The cor-
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Figure 3: The steel consumption by the construction industry and the predicted scrap arisings compared
to bottom up scrap data from the NFDC. Underlying data used to create this figure can be found in the
Supporting Information.

responding scrap prediction match closely real vehicle scrap data, with an average

percentage error of 5%. Real vehicle life-spans have increased significantly over the

period 1995-2019, but the method proposed in this paper has insufficient temporal

resolution to capture this in detail. Further, because the peaks chosen to identify the

transfer function are 5-year wide, the fitted transfer function is similarly wider than the

real life-time distribution.

Figure 4: Left. The pdf obtained using the optimisation routine for vehicles in the uk between 1954–1980,
and 1980–2018. This is compared to the lifetime probability distributions of vehicles from bottom-up data
over this period. A comparable shift is observed as from the bottom-up data. Right. The predicted steel scrap
from vehicles corresponding to the pdf compared to steel scrap data and steel consumption by vehicles in the
uk (1954–2014). These data can be found in tabular form in the appendix.
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3.3. Remaining product categories

A tf was for the remaining steel products (i.e. machinery, containers, equipment,

metal goods) was computed by extracting data for vehicles and constriction from the

aggregated data, as detailed in section 2.5.3. Figure 5 presents the results and identifies

an average lifetime of 20–25 years for all sampling rates.
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Figure 5: The lifetime probability distribution of steel product categories excluding construction and vehicles
in the uk from 1954 to 2014

4. Discussion

The modelling strategy and implementation of the method proposed here are straight-

forward. The results obtained are conserved when the shape of the underlying probability

distributions are varied, and the groups of peaks corresponding to product categories re-

main identifiable across a large range of sampling rates. Nonetheless, a 5 year sampling

rate seems to work best, possibly because it best matches the variation of the economic

cycle which are not captured in this analysis.

Figure 1 indicates that, while the tf are similar across time periods, there are also

key distinctions which suggest increased characteristic times and a slightly higher

variance after 1970. Changes in the shape of the tf can be explained by the evolution of
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technological, legal and societal factors over time. For the first peak, the shift is partly

attributed to the increase in lifetimes of cars bodies after 1965, due to the introduction of

galvanisation, and the end-of-life care directive from the euwhich directly manufacturers

to make use of common car frames (?). An increase in the quality of durable goods also

contributes to increasing lifetimes in the tf. The 1970s Oil Crisis resulted in a significant

drop in steel consumption, as can be seen in Figure 2. We assume that this drop in

demand was also accompanied by lower demolition and scrappage rates, resulting

in increases in the lifetimes of buildings and vehicles respectively. Changing norms

within the construction industry may also have contributed to a change in characteristic

lifetimes. For example, practice changes in the uk construction market, introduced

under the government of Margaret Thatcher, led to a decline in construction activity.

These many factors, together, are assumed to have led to an increase in the lifetimes of

steel products.

The first peak in Figure 2 is believed to include a range of steel products, including

vehicles, equipment, machinery, containers etc.. The corresponding characteristic

lifetime is most likely an average of each of these product lifetimes, where the individual

distributions overlap to form a single peak. The characteristic lifetime of vehicles from

the bottom-up data is slightly higher than the lifetime identified using our method. This

can be explained by the wider range of data used in our model, dating back to 1954,

compared to with post-2009 data for actual vehicles. It is known that over this time

discrepancy, the introduction of galvanised steel bodies led to a general increase in the

longevity of vehicles significantly.

In general, our method is most suitable for the identification of steel product cat-

egories with distinct life expectancies, and non-overlapping average lifetimes. When

product lifetimes do overlap, bottom-up data can be used to distinguish between over-

lapping lifetimes. This makes it well suited for the identification of long-lasting product

classes such as buildings, provided long data series are available. Despite this limitation,
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the tf is still robustly representative of the overall lifetime distribution across all steel

products and can be used in dynamic material flow analyses predicting future scarp

arisings and changes to product stocks.

5. Conclusion

We have presented a novel method for the top-down determination of the lifetime

distribution of products, which takes as an input trade data, which is of high quality,

and widely available for many countries but highly aggregated. A transfer function

is identified using a genetic algorithm, and using external information on recycling

rates, the transfer function can be, by inspection, transformed to a life-time probability

distribution for the classes of product of interest.

Using our proposed method we could identify the life-time of buildings in the uk

for which there exists no good bottom-up data. We have compared our results with

cars where bottom up data is available, and found that the method found average life-

times with very good agreement with the bottom-up data, but was less precise when

considering the spread of the life-time distribution. Overall, this gives confidence that

the method can reliably used when no bottom-up data is available. We hope this new

method will make it possible to do wide-ranging, cross-country and time, comparisons of

product lifetimes, using only top-down data, while still highlighting important insights

into the lifetime distributions of products.
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