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Identification of mushrooms that have been physically damaged and the measurement of time elapsed
from harvest are very important quality issues in industry. The purpose of this study was to assess whether
the chemical changes induced by physical damage and the aging of mushrooms can: (a) be detected in
the visible and near infrared absorption spectrum and (b) be modeled using multivariate data analysis.
The effect of pre-treatment and the use of different spectral ranges to build PLS models were studied. A
model that can identify damaged mushrooms with high sensitivity (0.98) and specificity (1.00), and models
that allow estimation of the age (1.0-1.4 days root mean square error of cross-validation) were developed.
Changes in water matrix and alterations caused by enzymatic browning were the factors that most
influenced the models. The results reveal the possibility of developing an automated system for grading
mushrooms based on reflectance in the visible and near infrared wavelength ranges.
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INTRODUCTION

Mushrooms (Agaricus bisporus) have been consumed as a
food delicacy since early times (1, 2). Nowadays, they are an
important agricultural commodity produced in Ireland on a
commercial basis since the mid-1930s. Since then, annual
production has increased up to 77 × 103 t with an export value
of US $136.5 million in 2005 (3).

Mushrooms are delicate foodstuffs and can be easily bruised
by physical stress during harvesting, handling, and transporta-
tion; this mechanical damage triggers a browning process, which
is the main cause of value loss in the market (4, 5). Another
relevant factor in mushroom quality is the elapsed time between
harvesting and the time of reaching the market. This is of
particular importance for an exporting country such as Ireland
for which access to food markets in larger, neighboring countries
within Europe is vital.

Therefore, development of a relatively simple, objective, and
nondestructive method to (a) identify physical damage before
damage-induced browning becomes visible and (b) quantify the
postharvest age of mushrooms is of strategic importance to the
Irish mushroom industry.

NIR spectroscopy has proved to be one of the most efficient
and advanced tools for continuous monitoring and controlling

of process and product quality in the food processing industry
over the past three decades (6-10). Critical to the effective
deployment of this technique is the availability of powerful
mathematical tools for the interrogation and mining of large
spectral data sets. Partial least-squares (PLS) regression and
discriminant analysis are two powerful chemometric tools that
have been used for this purpose in food applications (11-14);
they are studied in the present article to (a) differentiate between
damaged and undamaged mushrooms and (b) to determine
mushroom freshness.

MATERIALS AND METHODS

Mushrooms. A set of 168 closed cap, defect-free Agaricus bisporus
strain Sylvan A15 (Sylvan Spawn Ltd., Peterborough, United Kingdom)
mushrooms (3-5 cm cap diameter) were selected for this study. They
were second flush mushrooms grown at the Teagasc Research Centre
Kinsealy (Dublin, Ireland) in a manner typical of the mushroom
industry, harvested in the normal manner, and transported by road
immediately afterward to the laboratory in Ashtown Food Research
Centre (Dublin, Ireland). Elapsed time between harvest and delivery
to Ashtown was approximately 3 h; special cardboard trays, designed
to hold 48 mushrooms by the stem using a metal grid to avoid contact
between (a) mushrooms and (b) between the top of mushrooms caps
and the tray lid, were used for this transportation.

Treatments. A subset of 84 mushrooms was subjected to physical
damage using a mechanical shaker (Gyrotory G2, New Brunswick
Scientific Co. USA) set at 300 rpm for 10 min; these samples were
labeled as damaged (D). The remaining samples (84) were labeled as
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undamaged (U). Spectra of 12 undamaged and 12 damaged mushrooms
were recorded directly after damage induction. The remainder of the
mushrooms (72 each of damaged and undamaged) were placed carefully
in plastic punnets (six mushrooms per punnet), covered with plastic
film (Lin-Wrap film PVC, LinPac Plastics, Pontivy, France), and stored
at two controlled temperatures, i.e., +4 °C (T4) and +15 °C (T15). At
each further sampling time (day 3, 6, and 9), 12 damaged and 12
undamaged mushrooms were removed from each storage temperature
for spectral collection. All sample handling was carried out with the
utmost care to avoid damage to the mushroom samples.

Visible-NIR spectroscopy. Spectra were collected in reflectance
mode using a NIRSystems 6500 instrument (Foss NIRSystems,
Denmark) equipped with a remote reflectance fiber optic probe (part
number NR 6539-A) over the wavelength range 400-2498 at 2 nm
intervals. Data were recorded as absorbance (log 1/R), converted to
JCAMP-DX format (15), imported directly into The Unscrambler (v
9.2; CAMO AS, Oslo, Norway), and finally exported as a Matlab file.

Two punnets with undamaged mushrooms and two punnets with
damaged samples were randomly selected and removed from each
storage temperature every day of analysis; samples were allowed to
equilibrate to ambient temperature (15-20 °C) before removing the
plastic covering, lifting out individual mushrooms, and acquiring the
spectra.

Each mushroom was placed upside down on the optical window of
the fiber optic probe, and both the sample plus probe were covered
with a black cardboard box wrapped in aluminum foil to exclude stray
light ingress. After recording a spectrum, the mushroom was rotated
on its vertical axis through 90° and a second spectrum collected; the
average of both spectra was used in subsequent chemometric
analysis.

Figure 1. Average and standard deviation raw spectra of damaged and
undamaged mushrooms. Standard deviation has been scaled by a factor
of 3.

Figure 2. Second derivative of average mushroom spectra using the
Savitzky-Golay algorithm (11 point gap, second order polynomial smooth).

Figure 3. Damage classification of mushrooms based on PLS-DA
regression of raw spectra (400-2498 nm range) using 2 latent variables
(0 ) undamaged; 1 ) damaged).

Figure 4. PLS regression coefficients for the classification of mushrooms
as damaged or undamaged (PLS-DA model built using two latent variables
on raw spectra in the range 400-2498 nm).

Figure 5. PLS scores plot on latent variables 1 (78% of variance) and 2
(10% of variance) from a discriminant model developed to identify damaged
mushrooms.
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Chemometrics. Prior to the development of multivariate models for
damage and age prediction, four pretreatments were separately applied
to the spectra: these were standard normal variate (SNV), multiplicative
scatter correction (MSC), first derivative (1der), and second derivative
(2der) Savitzky-Golay. In the case of the derivative pretreatments 3,
5, 7, 9, 11, 13, 15, 17, 19, and 21, data point gaps followed in each
case by a second order polynomial smoothing step were studied (16-20).
To identify wavelength regions containing the most information with
respect to damage and age, four ranges were studied, i.e., 400-748
nm (visible), 750-1098 nm, 1100-2498 nm, and 400-2498 nm. The
rationale for this was to (a) reduce the number of datapoints while
maintaining accuracy, this increases the possibility of calibrations being
robust, and (b) to allow for the possibility of cheaper NIR instruments
being used since such instruments typically only scan a subset of the
visible-NIR range.

Partial least-squares regression (21-23) was applied to the centered
spectral data sets to develop separate models for damage (partial least-
squares discriminant analysis (PLS-DA) classification model) and
prediction of postharvest age (partial least-square regression (PLSR)
calibration model). Models were optimized by the use of leave-one-
out (i.e., full) cross-validation given that sample numbers available were
small; prediction statistics were recorded for the optimum model. In

total, in the case of damage estimation, combinations of the factors
studied, i.e., temperature (T4, T15, and T4+T15), wavelength range
(400-2498 nm, 1100-2498 nm, 750-1498 nm, and 400-748 nm),
and spectral pretreatment (none, SNV, MSC, 1der, and 2der), were
examined.Partial least-squaresdiscriminantanalysis (PLS-DA)(12,24,25)
was applied to develop qualitative models for distinguishing between
damaged and undamaged mushrooms. For this purpose, a dummy
Y-variable was assigned to each mushroom sample, 0 for undamaged
and 1 for damaged. Using a somewhat arbitrary but not unreasonable
cutoff value of 0.5, samples with a predicted dummy variable <0.5
were identified as belonging to class 0, while those with predicted
Y-values g0.5 were classified as belonging to class 1. Performance of
these classification models was evaluated on the basis of their sensitivity
(number of samples of a given type correctly classified as that type)
and specificity (number of samples not of a given type correctly
classified as not of that type) (12, 26), and the number of latent variables
(#LV) required by each.

To find the most accurate models for the prediction of mushroom
age, PLSR calibration models, developed with leave-one-out cross-
validation, were built for the combinations of the factors studied, i.e.,
damage (U, D, and U+D), temperature (T4, T15, and T4+T15),
wavelength range (400-2498 nm, 1100-2498 nm, 750-1498 nm, and
400-748 nm), and spectral treatment (none, SNV, MSC, 1der, and
2der). Performance of the age prediction models was evaluated using
the root-mean-square error of cross-validation (RMSECV), coefficient
of determination (R2), and number of latent variables required (#LV).

RESULTS AND DISCUSSION

Spectra. The average absorption spectra of the 84 damaged
and 84 undamaged mushrooms analyzed are shown in Figure
1; also included in these figures are the standard deviation
spectra associated with these means. The highest average
absorbance is around 1.5 absorbance units, well within the linear
photometric range of the instrument detector (27). The peaks
at 1934, 1454, 1208, and 978 nm are attributed mainly to
vibrational absorptions of water. Shoulders present at 1796 and
1344 nm could be related to the second and third overtones of
-CdO stretching of anhydrides (28, 29). Examination of the
standard deviation spectra at each wavelength, which reflect the
positions of major variability in the spectral collection, shows
clearly that the positions of major variability do not coincide
exactly with the major absorbance peaks but rather are located
on the shoulder of these features. Variation in mushroom color
is evidenced by the standard deviation plot between 400 and
750 nm, the visible wavelength range. The average spectrum
of damaged mushrooms shows greater absorbance than is the
case for undamaged mushrooms especially in the water-related
peaks; this may indicate that water was released from internal
structures as a result of the physical damage. Differences in
the visible region (peaks at 438 and 542 nm) are due to the
formation of pigmented compounds, mainly melanins, which
are not homogeneous compounds and which can produce colors
varying from yellow to red (30, 31). Second derivative average
spectra, shown in Figure 2, reveal greater spectral detail as
expected; here again, it is obvious that the locations of maximum
spectral variance do not coincide with regions of maximum
absorbance. In the particular case of the second derivative
spectra, this data pretreatment resolves the broad maxima seen
in raw spectral plots into a number of sharper peaks (32).
Interpretation of the second derivative is somewhat easier than
is the case for raw spectra because of these sharper and
nonoverlapping features. It is also notable that there appears to
be some spectral information present above 2200 nm in this
figure that could be related to combinations of -CH and -CC-,
and aromatic -CH bonds (28, 29).

Figure 6. Predicted age of undamaged mushrooms stored at 4 and 15
°C by PLS regression (full cross-validation; 2der, 15 point gap; 400-2498
nm; 9 latent variables).

Table 1. PLS Regressions Models to Predict Age of Mushrooms

damage
status

storage
temperature

pretreatment
(gap points)

range
(nm)

RMSECV
(day) R2 #LVa

undamaged T4-T15 2der(15) 400-2498 1.0 0.89 9
T4-T15 2der(21) 400-2498 1.9 0.64 9

damaged T4 1der(19) 400-748 1.3 0.85 6
T15 1der(19) 400-748 1.4 0.84 6

a #LV: number of latent variables.

Figure 7. Regression coefficients for the PLS model of age in undamaged
mushrooms (2der; 15 point gap; 9 latent variables; range 400-2498 nm;
4° and 15 °C storage temperature).
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Modeling Physical Damage. Perfect classification (sensi-
tivity ) 1.00 and specificity ) 1.00) in the case of
mushrooms stored at 4 °C was achieved by the application
of PLS-DA to either raw or SNV preprocessed spectra in
the range 750 to 1098 nm. In the case of mushrooms stored
at 15 °C, perfect classification was achieved using raw or
SNV preprocessed spectra in the wavelength range 400-2498
nm and for MSC preprocessed spectra in the ranges 400-2498
nm and 750-1098 nm. However, the large number of latent
variables (#LV ) 16-22) required for these models suggests
an overfitting of the model to the data set with the resulting
incorporation of noise in the model (32, 33). For these
reasons, the preferred classification model involved two latent
variables and was developed from untreated spectra over the
range 400-2498 nm of mushrooms stored at both temper-
atures combined into a single data set. Almost all (82 out of
84) damaged mushrooms were recognized as damaged
(sensitivity ) 0.98), while no undamaged mushroom was
misclassified as damaged (specificity ) 1.00); the overall
correct classification for this model was 99% (Figure 3). A
visual analysis of the two misclassified samples, one stored
at 15 °C for 3 days and the other one stored at 4 °C for 6
days, revealed that the intensity level of injury observed in
both samples was less pronounced than that observed for the
remainder of the same storage-temperature sample group.

Regression coefficients for the selected classification model
are shown in Figure 4. It can be observed that the largest peak
corresponds to 1934 nm, which may be attributed to changes
in water absorption associated with tissue damage by cytoplasm
breakdown, releasing vacuolar and vesicular contents increasing
the free water. The second greatest peak (444 nm) may be
associated with brown pigments formed in the injured tissue,
while the third major band at 2474 nm may be associated with
the second overtone of O-H stretching of phenols (29); this
peak could be explained by the activation of tyrosinase present
in mushrooms, which catalyzes the oxidation of phenolics to

quinones, which, in turn, undergo further oxidation and polym-
erization reactions to produce the brown pigments characteristic
of damaged mushrooms (34, 35). A PLS score plot for all
samples on latent variables 1 and 2 of this model is shown in
Figure 5; these latent variables accounted for 78% and 10%,
respectively, of the variability of the damaged mushroom
spectral data set. This figure reveals that undamaged mushrooms
form a relatively discrete cluster, while damaged mushrooms
are more dispersed in this particular two-dimensional space as
might be expected given the variation in age and therefore extent
of damage in the latter class.

These results show the feasibility of developing an automatic
classification system of mushrooms as either damaged or
undamaged using visible-NIR spectra and chemometrics that
could be implemented in industry.

Modeling Age. The most accurate models for identifying the
postharvest age of mushrooms in this study are shown in Table
1. The age of undamaged mushrooms could be predicted with
a level of accuracy, which may be commercially useful by a
second derivative pretreatment (Figure 6); corresponding
regression coefficients are shown in Figure 7. There are
common processes involved in senescence at both temperatures
(4 and 15 °C) that affect the visible and NIR range of the spectra.
The regression coefficients in the visible range present high
variability (Figure 7); this could be explained by variations in
color arising from absorptions by substrates and products of
enzymatic browning that absorb in this range of the spectra (34).
In the NIR region, the most significant regression coefficients
are found at 2482 and 2304 nm. While absorption at the former
may be associated with O-H stretching of phenols, absorption
at 2304 nm could arise from the second overtone of CdC bond
stretching in an aromatic ring structure. Both structures are
related to the development of enzymatic browning. Significant
regression coefficients are also located at 2440, 2016, and 1960
nm; the attribution of these peaks is not clear to us. The aging
process in damaged mushrooms is best modeled if the storage

Figure 8. PLS regression plots of predicted age of damaged mushrooms by full cross-validation (first derivative; 19 point gap; 400-748 nm; 6 latent
variables) stored at 4 °C: (a) Predicted age; (b) Regression coefficients. Stored at 15 °C: (c) Predicted age; (d) Regression coefficients.
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temperature is taken into account, i.e., if separate models are
developed for 4 and 15 °C storage temperatures. Best models
were generated by applying a first derivative (19 points gap) to
spectra recorded in the visible range (400-748 nm) employing
6 latent variables (Figure 8). Cap discoloration in damaged
mushrooms is the main change associated with the aging
process. The main difference in regression coefficients between
damaged mushrooms stored at 4 °C and those stored a 15 °C
was a peak between 632 and 702 nm; the attribution of this
peak is unknown.

These results reveal that chemical changes induced by
mechanical bruising and the aging of mushrooms could be
successfully identified and followed by visible and infrared
spectroscopy, and modeled by appropriate chemometric tools.
Consequently, the application of visible and NIR spectroscopy
could enable the development of a relatively simple, automatic,
and online method to (a) identify those mushrooms that have
been physically damaged and (b) quantify the postharvest age
of mushrooms for the benefit of the mushroom industry and
retail sector, respectively.
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