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Abstract 

A considerable proportion of the fresh produce (fruit, vegetables, flowers etc) 
sold around the world is exported. While most of the export is successful, a 
disturbingly high proportion of shipments encounter quality problems on arrival at 
destination. New technologies have been developed for monitoring refrigerated 
shipping containers (KlaxonIQA 2002), that makes it possible for actual storage 
conditions during transport to be monitored in real time. This enables speedy 
rectification of any problems and alerting to any quality problems on arrival. 
Besides the considerable benefits that this technology achieves for all involved in the 
shipping and fresh produce industry, it is possible to interface storage prediction 
software and real time monitoring of storage conditions to provide a premium 
service to the industry that can fine tune the quality delivered to market 
requirements. Advantages of such a model are that decisions can be made before 
shipment as to potential storage life remaining for a particular crop (e.g., apples 
stored in CA prior to export). Then, if there is a problem for a particular voyage 
length, the shipment can be cancelled or storage conditions adjusted to assure a 
longer storage life. The development of a fully robust model to cover a wide range of 
products, a wide range of pre-shipment conditions and a range of problems during 
shipping will obviously take some time but the benefits will be considerable. Fitting a 
wide range of models to data for over 30 crops suggests that the best choices are the 
exponential and a modified quadratic model. 
 
INTRODUCTION 

A considerable proportion of the fresh produce (fruit, vegetables, flowers, etc.) 
sold around the world is exported. While most exports of fresh produce are successful, a 
disturbingly high proportion of shipments encounter quality problems on arrival at 
destination. These problems may be due to 1) shipping produce that does not have 
sufficient storage life for the journey, 2) delays in the journey that result in exceeding the 
maximum shelf life, 3) shipping at incorrect temperatures, relative humidity, ventilation 
rates or atmosphere compositions, 4) fluctuations of storage conditions that have 
compromised storage life and/or quality,  5) produce arriving at a destination which 
requires a different index of quality or 6) a failure to meet in transit quarantine treatment 
requirements on arrival, leading to extra time or rejection. 
 
Real Time Produce Monitoring 

New technologies have been developed for monitoring refrigerated shipping 
containers that makes it possible for actual storage conditions during transport to be 
monitored in real time (KlaxonIQA 2002). This is accomplished by inclusion of a 
container sensor unit (CSU) with sensors inside a refrigerated container. These sensors 
measure product temperature at several critical places in the load as well as delivery and 
return air temperature. The CSU takes readings and reports them to a base station unit 
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(BSU) on board the ship or at a terminal. The BSU transmits regular reports of the 
conditions within the container(s) to KlaxonIQA via wireless satellite link. Interested 
parties can view this data over the internet to confirm that the shipment is within desired 
shipment parameters. If there is a container malfunction, or conditions of the load fall 
outside the desired limits, then an alarm is sent to KlaxonIQA. Once notified of a problem, 
the shipper and the carrier (or container terminal) can then take prompt action to minimise 
any quality loss to the shipment. 

Remote monitoring of conditions within shipping containers ensure that problems 
are noticed and responded to earlier than would usually be the case for historical 
monitoring by data loggers and during normal repair procedures on board ships. A further 
advantage is that the shipper is immediately aware of quality problems and can act ahead 
of time to adjust the marketing strategy and reduce losses. 

Besides the considerable benefits that this technology achieves for all involved in 
the shipping and fresh produce industry, it is possible to interface storage prediction 
software and real time monitoring of storage conditions of the produce. This system 
would provide a premium service to the industry, allowing them to fine tune the quality 
delivered to meet the market requirements. Initial predictions of shelf life for optimum 
storage temperatures can be made using reliable information contained in databases such 
as Optimal Fresh (2002). 

Advantages of such a model are that decisions can be made before shipment as to 
potential storage life remaining for a particular crop (e.g. apples stored in CA prior to 
export). Then, if it is a problem due to the length of the trip, the shipment can be 
cancelled or storage conditions adjusted to achieve a longer storage life. In addition, any 
quality variation within a shipment, i.e., say one out of six containers having temperature 
fluctuations, can be identified and appropriate marketing arrangements put into place 
prior to arrival of the shipment. 
 
Storage Life Prediction Models 

The most successful methods of predicting storage life are based on the �time-
temperature-tolerance� hypothesis (Thorne and Alvarez, 1981). A model is produced 
based on data obtained for storage life when produce is stored at a range of constant 
temperatures. The time temperature history can then be used to determine storage life loss 
for each combination which is then integrated to give a total deterioration or loss of 
storage life. This method depends on two assumptions one is of additivity � that the 
effects of different temperatures and time can be added. The second assumption is that of 
commutativity i.e., the effect of each time-temperature period is independent of order of 
presentation. In their paper, Thorne and Alvarez reported that both these conditions held 
for tomatoes stored for different periods and temperatures between 13 and 21°C. However, 
the conditions did not hold for temperatures below 13°C where chilling injury can occur.  
Little and Holmes (2000) described a considerable body of work with pears, in which 
they found that exposure to warm temperatures (20°C for three days) had very little effect 
on storage life before cool storage at -1°C (storage life 170 d for firmness, 175 d for 
flavour and 160 d for colour), but if applied during cool storage major changes in 
firmness were observed with storage life for firmness being only 30d (150 d for flavour, 
160 d for colour).  While pears can be seen as a special case because they require 
exposure to cold temperatures to ripen correctly, this is an example where commutativity 
certainly does not hold. 

A further important consideration is the factors used to determine quality and, 
therefore, the end of storage life.  These include a subjective assessment of marketability, 
which is the criterion by which consumers assess and select produce. More definite 
objective quality criteria include surface colour, firmness, rot and flavour (Thorne and 
Meffert, 1978; Garcia-Gimeno et al., 1998; Tijskens et al., 1999; Little and Holmes, 
2000). 

In order to predict storage life based on real time data in reefer containers with a 
range of fresh produce types, a robust prediction model is required. The model must be 
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simple enough to be effective and not require too many inputs so, that it cannot be used 
for most shipments. Further, the model must be able to include storage history prior to 
transport by reefer since often a substantial part of a crop storage life can take place prior 
to export. 
 
Sources of Variability 

One problem of any predictive model is that the biological material used in the 
model is very variable, hence the results can have considerable variability.  Major sources 
of variability are variability within a tree (Herregods and Goffing, 1993), variability due 
to time of year (Brash and Liu, 1998) and variability due to fertilizer history, location 
(different farm), cultivar and weather conditions (Little and Holmes, 2000, Feng et al. 
2001). A further source of variability is the type of assessment used to determine the end 
of storage life, the observer and variability among various observers can have major 
effect on the final result. 
 
RESULTS AND DISCUSSIONS 

A wide range of models has been used to fit storage life to temperature. These 
range from a linear relationship, which gives reasonable results over a limited temperature 
range (Labuza, 1982; Chandler and McMeekin, 1985; McMeekin and Ross, 1996). A 
more accurate model allowing for the rate of deterioration to vary with temperature was 
fitted by using the Arrhenius equation (originally developed for enzyme activity) of k = 
koe-Ea/RT which assumes that deterioration is a first order reaction with respect to the 
reciprocal of the absolute temperature (Shewfelt, 1986; Hertog et al., 1999; Tijskens et al., 
1999), where ko= a constant, Ea = energy of activation, R= the gas constant and T= 
temperature (°K). 

Two further models have been used for relating shelf life to temperature. One is a 
simplified exponential model t = aebT, where t=time in days until unacceptable, a= 
parameter describing shelf life at 0°C, b= parameter describing changes based on 
temperature and T= storage temperature (°C) (Thorne and Meffert, 1978; Feng et al., 
2001). While a further model used for shelf life prediction, particularly when shelf life is 
limited by microbiological breakdown, is the square root model √r = b(T-To), where r= 
growth rate constant, b=slope of regression line, T= temperature (°K) and To= 
temperature below which no growth occurs (Chandler and McMeekin, 1985; McMeekin 
and Ross, 1996). 

Finally, there have been a few complex models that include many input 
parameters, one example is that given by Tijskens et al., 1999. This model not only 
depends on time and temperature, but also on storage atmosphere, respiration, ethylene 
levels and enzyme levels. Its complexity means that it is more a concept than a model, 
since it has not been checked against actual data, but �checked against the expert opinions 
of long time apple storage and quality researchers�. Such a model is too complex and 
restrictive for use as a storage life predictor based on real time data collected for produce 
in a reefer. 
 
Fitting Models to Data 

While there is a large body of data available describing the optimum storage 
temperature and best storage time for a very wide range of crops, there is a paucity of data 
describing storage life over a range of temperatures. Mercantila (1998) who presents 
storage life at a range of temperatures for several crops is an exception. The data have 
some limitations, in that they are quite old (generally at least more than 20 years old) and 
describe older cultivars (which typically have much shorter storage life than modern 
cultivars). Further, the data seem to be compiled from a range of research sources and 
empirical industry observations for acceptable quality. This limits the objectivity of the 
data, but has the advantage that it includes a range of important characteristics (colour, 
weight loss, flavour, rot, etc.) which represent consumer assessment of quality. Neverthe-
less, with at least five temperatures given for almost thirty crops, it is a useful body of data. 
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After fitting many models to the data, it was apparent that two simpler models 
fitted the data best.  The first of these was an exponential model t = aebT, which has been 
previously used by several researchers. The second model attempted to allow for the 
change in storage life where a chilling injury effect was observed (this type of data is very 
poorly fitted by an exponential model). The model used was a quadratic fit using the 
square root of temperature, however, since a fit could not be obtained for data below 0, 2 
was added to temperature to enable the model to work for storage temperatures of -2°C 
and above t = a + b√T + c(√T)2. 

The results for fitting these models to the data from Mercantila (1998) and five 
other data sets are described in Table 1. The best overall fit to the data was the 
exponential model, giving the best or equal to the best fit for 27 out of 36 cases. However, 
this model did not fit the data where chilling injury was present.  The quadratic fit was the 
best or equal to the best fit in 8 out of 36 cases, and fitted the data well for all the crops 
with chilling injury effects apparent (common beans, sweet pepper and tomato). Since the 
data only had 4 to 6 data points the loss of one degree of freedom to fit the quadratic 
model, meant that significance levels within this model were much more harshly effected 
than if there were more data points. 

Further details of how the two models fitted the data are given for shorter shelf life 
crops in Figure 1, medium life crops in Figure 2 and long life crops in Figure 3. These 
figures show that exponential model tends to underestimate storage life at the lowest 
temperature, while the quadratic type model tends to over estimate storage life at the 
lowest temperature. The poor fit of the exponential model to chilling sensitive crops is 
seen in Figures 1 and 2. A further problem with the quadratic type fit is that in case of 
absence of any data points in the range from 10 to 20°C, then the fitted curve can 
approach, or dip below 0 days storage life in this region (i.e., see peach quadratic type fit 
in Figure 1). 

The exponential model has the advantage that it can be fitted to as little as three 
data points (and an approximation can be made with only two data points).  However, the 
quadratic type fit requires at least four data points and preferably a few additional points. 
Further, it is important for this model that some storage life data is available within the 
range from 10 to 20°C. 

As mentioned above, the Mercantila data give considerably lower estimates of 
storage life than obtainable with modern cultivars and facilities. Figure 4 illustrates this 
point, where at lower temperatures the storage life almost doubles for modern cultivars 
and facilities for both strawberries and asparagus. 

 
CONCLUSIONS 

Modeling of the Mercantila and some recent data, together with a review of the 
literature shows that it is important  
1) to obtain data that are applicable to modern cultivars and storage facilities; 
2) to obtain data ranging from 8 to 20°C, in order to acquire a reliable estimate for 

storage life under ambient conditions; 
3) to include data points around and below the point of chilling injury for crops 

susceptible to chilling; 
4) to obtain data to test for the cumulative effect of temperatures that might be 

experienced by malfunctions of reefers or storage rooms, or due to inappropriate 
handling; 

5) to incorporate the previous storage history, particularly of CA stored produce prior to 
export, for successful modeling of storage life. 

 
A more detailed model specification is planned for a range of crops that are 

important in the export fresh produce trade and then expand the model to a wider range of 
crops. This process will take considerable time, but the potential benefits for shippers, 
carriers and all involved in the fresh produce industry of continually being updated about 
the remaining storage life of their shipments are substantial. The final outcome should be 
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considerably lower losses (and therefore costs) and a significant improvement in quality 
of export shipments. 
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Tables 
 
Table 1. Fitting of different prediction models to storage life temperature data for fresh 
produce (Mercantila 1998) 
 

Type of Model Type of Model Crop 

Exponential 
Quadratic 
√(T+2) 

Crop 
 

Exponential 
Quadratic 
√(T+2) 

Apple, Golden 
Delicious1 0.991**** 0.938** Leek 0.985** 0.998* 
Apple, Granny 
Smith1 0.943** 0.920* 

Lettuce, 
Iceberg 0.998*** 1.000* 

Apple, Jonathan1 0.980**** 0.920** Mushroom 0.936** 0.995** 
Asparagus 0.989** 1.000** Onion 0.984** 0.998** 
Asparagus2 0.998*** 0.991** Pea 0.989** 0.997 
Bean,_Common 0.065 0.717 Peach 0.913* 0.984 
Radish,_Black 0.994** 0.995 Plum 0.999*** 0.999* 
Brussels_Sprouts 0.912** 0.988** Potato 0.999* NA 
Cabbage, White 0.950** 0.955* Raspberry 0.966* 0.997 
Cabbage, Red 0.957* 0.963 Beetroot 0.956* 0.995 
Carrot 0.992*** 0.975 Rhubarb 0.987** 0.956 
Cauliflower 0.969** 0.988* Spinach 0.991** 1.000** 
Celeriac 0.999**** 0.999*** Strawberry 0.988** 0.998* 
Celery 0.9556* 0.961 Strawberry3 0.945*** 1.000** 
Cherry 0.977* 0.993 Swede 0.991** 1.000* 

Witloof 0.993** 0.998* 
Pepper, 
Sweet 0.0222 0.788* 

Endive 0.96* 0.995 Tomato 0.247 0.970** 
Grape, Black 
Alicante 0.997**** 0.990** 

Radish, 
White 0.987** 1.000** 

Significance levels: *=5%, **=1%, ***=0.1%, ****=0.01% 
1 Data from Little and Holmes 2000 
2 Data from Garcia-Gimeno et al. 1998 
3 Data from Hertog et al. 1999 
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Fig. 1. Fitting of exponential and quadratic (√ (temperature +2)) models to data from 

Mercantila (1998) for short shelf life products. 
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Fig. 2. Fitting of exponential and quadratic (√ (temperature +2)) models to data from 

Mercantila (1998) for medium shelf life products. 
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Fig. 3. Fitting of exponential and quadratic (√ (temperature +2)) models to data from 

Mercantila (1998) for long shelf life products.  
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Fig. 4. Storage life versus temperature for two crops comparing data from Mercantila 

(1998) with more recent data (Garcia-Gimeno et al., 1998 (GG); Hertog et al., 
1999 (Her)) 


