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This paper utilized a neural network for texture image analysis to differentiate between milk, either raw
or ultra high temperature (UHT) with antibiotic residues (e.g., penicillin G and ampicillin) and milk
without antibiotic residues. The biocrystallization method was applied to obtain biocrystallogram
images for milk samples spiked with penicillin G and ampicillin at different concentration levels. The
biocrystallogram images were used as an input for a designed neural network called the image
processing neural network (ImgProcNN). The visual differences in these images that were based on
textural properties, including the distribution of crystals on the circular grass underlay, the thin or thick
structure of the crystal needles, and the angles between the branches and the side needles, were used to
discriminate the antibiotic-free milk samples from samples with antibiotic residues. The visual
description and deﬁnition of these images have major disadvantages. In this study, the ImgProcNN was
developed to overcome the shortcomings of these visual descriptions and deﬁnitions. Overall, the neural
network achieved an average recognition performance between 86% and 100%. This high level of
recognition suggests that the neural network used in this paper has potential as a method for
discriminating raw and UHT milk samples contaminated with different antibiotics.
ß 2013 Elsevier Inc. All rights reserved.
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1. Introduction
Milk is a major source of elements that are vital for proper
nutrition and health. Cows that provide milk are often treated with
antibiotics, especially cows suffering from mastitis. Low levels of
antibiotics are used to increase the rate of weight gain or to improve
the feed efﬁciency in cattle breeding (Gustafson and Bowen, 1997).
The excessive usage of antibiotics may lead to antibiotic
residues in milk from 12 to 96 h following the injection, based on a
variety of factors (Santos et al., 2007). These residues could cause
allergic reactions in sensitive individuals, and the continued
exposure to antibiotics could lead to the development of antibiotic
resistance. In addition, antibiotic interference with the starter
cultures that are used in dairy products negatively inﬂuences the
coagulation process (Rinken and Riik, 2006).
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To protect consumers, maximum residue limits (MRLs) for
veterinary medicinal products in milk have been established by EU
Council Regulation (EEC) No: 2377/90 (Zvirdauskiene and Salomskiene, 2007). According to the Turkish Food Codex Regulation
No: 2002/30 Part 6, the residue levels of veterinary drugs in raw
and drinking milk must not exceed the limits stated (KKGM, 2007).
Residue analysis must be periodically carried out to screen milk
and milk products in the market. This includes both screening and
conﬁrmatory methods. Current methods for the detection of
antibiotic residues are classiﬁed as spectrophotometric, chromatographic, and ﬂuorimetric (Le Breton et al., 2007). Chromatographic analysis is a conﬁrmatory method that identiﬁes and
quantiﬁes the presence of antibiotic residues with a high degree of
accuracy. However, this method has drawbacks. Chromatographic
analysis is time-consuming, involves complex procedures, is
damaging to the environment and requires a high level of
expertise (Rinken and Riik, 2006). Therefore, simpler and more
effective methods have been developed to reduce the time needed
for testing. However, these methods also have limitations. Simpler
methods are unable to quantify the concentration of antibiotics
and have a relatively narrow antibiotic spectrum. Furthermore,
these methods could produce false-positive or false-negative
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results causing an unjustiﬁable waste of milk and economic losses
(Kang et al., 2005).
In another study, we found that the beta-lactam group of
antibiotics, penicillin G, ampicillin and amoxicillin, are commonly
used for the treatment of dairy cattle (Yildiz, 2008). This study was
based on the need to develop a new method to demonstrate the
existence of the antibiotic residues of penicillin G and ampicillin in
milk. Antibiotic residues may be found in milk at a level higher
than the allowable limits (maximum residue limits (MRL)).
However, this level is decreased by applying heat processes
(e.g., UHT) and the antibiotic concentrations fall below the
detection limits (Rinken and Riik, 2006). To overcome this
detection problem, the innovative ‘‘biocrystallization’’ method
was found to be suitable for detecting the presence of penicillin G
and ampicillin residues in raw and UHT milk and discriminating
the milk samples that are contaminated with these antibiotics. The
biocrystallization method, also called ‘‘sensitive crystallization’’ or
‘‘cupric chloride crystallization’’, was originally introduced by E.
Pfeiffer in the 1930s. This method is based on the crystallographic
phenomenon that occurs after adding speciﬁc inorganic ionic or
organic substances to an aqueous solution of dihydrate cupric
chloride. This method creates crystallization images with reproducible textures that are formed during crystallization.
This method has been used to examine the effects of different
farming systems, fertilization practices, and processing on the
pictomorphological properties of agricultural and horticultural
samples (Kokornaczyk, 2008). Crystallograms produced by using
pure CuCl2 exhibit a merely peripheral distribution of crystals on a
circular glass surface. Biocrystallograms produced from biological
substances, such as plant extracts, fruits, vegetables and milk,
display crystal structures covering the whole of the glass underlay.
These biocrystallograms exhibit a variety of macro and microscopic morphological features that reﬂect the speciﬁc admixed
substances (Fig. 1a and b.). Morris and Morris (1941) modiﬁed the
cupric chloride crystallization by adding puriﬁed egg albumin, the
water soluble globulin of oats, white blood and the tobacco mosaic
virus. The biocrystallogram images showed that the protein
properties of these substances affect the biocrystallization patterns
(Morris and Morris, 1941). Kahl (2007) used the biocrystallization
method to authenticate agricultural products. The cupric chloride
crystallization was used to differentiate milk and butter samples
from different feeding regimes (Kahl et al., 2009). This method was
successful in distinguishing the effects of different treatment
methods on milk samples, such as raw and UHT milk, and could
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differentiate between milk samples that were homogenized at two
different pressures (Huber et al., 2007).
The phenomenon of the biocrystallogram is based on the
ramiﬁcation structure. The ramiﬁcation structure extends from the
center and develops in all directions until it reaches the periphery
of the image (Fig. 2). In the initial stage, 1-zonal biocrystallogram,
the transparent needles in star-like formations extend in all
directions to the periphery by increasing the concentrations of
biological substances with a ﬁxed concentration of CuCl2. In the
second stage, 2-zonal structure, the needles are pointed predominantly on the vertical and horizontal axes that pass through the
crystallization center, and the needles are transparent and of
relatively equal length in the middle zone. The last stage of the
biocrystallogram is divided into a 3-zonal structure: the central
zone around the crystallization center, the median zone that
contains the major ramiﬁcation structure, and the marginal zone
(Andersen, 2001). The location of the crystallization center does
not correspond to the geometrical center. All biological or
agricultural substances have unique biocrystallogram patterns
with a distinct center coordination, branch distribution and needle
variety. Andersen et al. (1999) indicated that out of several single
organic compounds examined, proteins and N-containing compounds showed unique abilities to coordinate the crystal
structures.
The quality of products can be assessed by evaluating the
biocrystallogram images using both visual and computational
analysis. The visual assessment method makes use of staff who are
trained according to the ISO-norms in the visual evaluation and
interpretation of images (Huber et al., 2010). Computational image
analysis has become a possible method for the evaluation of
biocrystallogram images because of developments in computer
science. The computational image analysis procedure for the
evaluation of biocrystallogram images should reﬂect all of the
characteristics of a biocrystallogram as a three dimensional,
colored crystal structure, coordinated with zones relative to a
center (Meelursarn, 2007; Andersen et al., 1999). In contrast,
previous studies have used a texture analysis that applied 32 grey
levels and a single type of circular region-of-interest (ROI)
approach (Meelursarn, 2007; Busscher et al., 2010). In a study
using a different approach, a feed-forward neural network was
applied to biocrystallization in conjunction with computer vision
techniques to discriminate sweet red pepper products that were
prepared by different methods, such as freezing and pureeing. In
this case, a methodology known as the process neural network

Fig. 1. (a) Raw milk biocrystallogram (b) UHT milk biocrystallogram (Pelvan, 2011).
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Fig. 2. The phenomena of the biocrystallogram image (divided into 3 stages of imaging on the basis of increasing the concentration of additives at certain concentrations of
CuCl2). From left to right: 1-zonal structure, 2-zonal structure, and 3-zonal structure (Source: Engqvist, 1970).

(ProcNN) has been able to achieve 100% recognition and has
proved to be a useful method in the discrimination of red pepper
products (Unluturk et al., 2011). This method not only provides
information representing the visual characteristics but also
discriminates between images that cannot be differentiated
visually (Basset et al., 2000).
The intention of this paper is to develop a method for detecting
antibiotic residues, namely penicillin G and ampicillin, in spiked
milk samples by assessing biocrystallogram images using computational image processing. This method utilized a neural network,
called the image processing neural network (ImgProcNN), which
was supported with a computer vision technique to create an
effective analysis tool.
The developed methodology was conﬁrmed by comparing the
biocrystallogram images obtained from naturally contaminated
raw milk supplied from a cow treated with penicillin G.
2. Materials and methods
2.1. Materials
The raw milk samples were collected from a single cow from a
farm located in Gulbahce, Izmir, Turkey, between March 2010 and
October 2011. Prior to measurements, the raw milk samples were
preserved with a ﬁnal concentration of 0.02% Bronopol (PESTANAL1 Code: 32053, Sigma-Aldrich) and stored at +4 8C. A number
of UHT whole cow milk samples of the same brand were purchased
from a local store in Izmir, Turkey during the interval period from
2010 to 2011. All milk samples were screened using the New SNAP
Beta-Lactam Test Kits (Idexx Laboratories, Inc., USA) for antibiotic
residues following the instructions of the manufacturer.
2.2. Biocrystallization
The biocrystallization method comprises several steps. These
include preparing the samples, mixing an aqueous solution of the
sample extract and CuCl22H2O in a glass Petri dish at a deﬁned
ratio, drying the glass Petri dishes in an air climate chamber at a
constant temperature and humidity to obtain clear biocrystallograms, acquiring images under dark illumination and ﬁnally
evaluating the images of the biocrystallograms by means of
computational image processing. Biocrystallization is a highly
sensitive method that can be affected by both the physical
conditions of the drying (crystallization) chamber and the
concentration matrix. Regarding the solution concentration
matrix, the milk concentration, the CuCl22H2O concentration,
the optimal mixing ratio between milk and copper chloride
(volume of milk/volume of CuCl22H2O) and the volume of the

mixture are important factors that inﬂuence the crystallization
process. In the crystallization step, a known amount of milk sample
(0.02–0.5%) and aqueous CuCl22H2O solution (5–15%) were mixed
in a clean glass Petri dish at a deﬁned mixing ratio (milk/CuCl22H2O)
and dried in an air climate chamber (Memmert-HCP108, Germany)
adjusted to a certain temperature and relative humidity. The
temperature and humidity inside the cabin were monitored using a
thermocouple and a hygrometer. The variations in temperature and
humidity were 0.1 8C and 1%, respectively. Factors including the
amount of mixture (4–8 mL), the mixing ratio (1/1–3/1), the drying
temperature (25–40 8C) and the relative humidity (40–60%) affected
the ramiﬁcation patterns of the biocrystallograms. The biocrystallization process was optimized, and the important factors affecting the
ramiﬁcation patterns of the biocrystallograms and their levels were
determined (Table 1) (Pelvan, 2011). These levels were used to
generate biocrystallograms having the optimum observable dendritic
pattern during crystallization, i.e. the drying period.
For the biocrystallization method, penicillin G potassium salt
(Code: 46609, Lot4016X) and ampicillin trihydrate (Code: 46061,
Lot 2316X) (Vetranal analytical standard Sigma-Aldrich GmbH
Quality Assurance) were chosen as target antibiotics. Raw milk and
UHT milk samples were spiked with penicillin G and ampicillin
prepared in the concentrations of 2, 4, and 8 ng mL1. The
antibiotic free raw and UHT milk samples (as controls) and
samples spiked with penicillin G (2, 4, and 8 ng mL1) and
ampicillin (2, 4, and 8 ng mL1) were diluted with Milli-Q water to
provide a milk concentration of 0.5%.
Copper(II) chloride dihydrate (CuCl22H2O) (102733, Merck) was
used for the biocrystallization process. An aqueous solution of
CuCl22H2O was prepared with Milli-Q water at a concentration of
5%.
Circular glass Petri dishes with a diameter of 100 mm and a
thickness of 2 mm were washed in regular dish detergent and
rinsed with de-ionized water at 98 8C before being cleaned with
99.5% Ethanol (Merck) and dried in an oven (Nuve EN-050,
TURKEY) at 50 8C for 1 h.

Table 1
Optimum values of important factors affecting biocrystallization process.
Factor

Optimum values

Milk concentration (%)
CuCl22H2O concentration (%)
Mixing ratio (milk/CuCl22H2O)
Amount of mixture (mL)
Drying temperature (8C)
Drying humidity (RH %)
Drying time (h)

0.5
5
3/1
6
40
60
22
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In the crystallization step, 0.5% milk sample and aqueous 5%
CuCl22H2O solution were mixed in a cleaned glass Petri dish at 3/1
mixing ratio (milk/CuCl22H2O) to provide a total amount of 6 mL.
The sample was then dried in an air climate chamber (model HCP
108, Memmert GmbH+Co.KG, Germany) at 40 8C and 60% relative
humidity for 22 h. In this study, we used a standard air climate
chamber with two rectangular trays, which differed from the air
climate chamber used by Kahl (2007). To avoid the serious problem
of vibration during the drying period, several air chambers were
tested, and the chamber with the lowest amount of vibration was
selected for use in the studies. In this selected air climate chamber,
the vibrations resulted in approximately two or three failed
integrated biocrystallograms. The number of failed biocrystallograms in this air climate chamber was much lower than the
number of failed biocrystallograms obtained by using the other
chambers. Additionally, the setting accuracy of the temperature
and the humidity inside of the air cabin was in the range that was
declared by the manufacturer. Kahl (2007) used a specially
designed climatic chamber for biocrystallization, which was
optimized to control physical conditions such as vibration. This
climatic chamber had a daily capacity of 43 plates. In contrast, our
chamber capacity was only 15–16 plates. Plates were arranged in
two rows in each tray. Dendritic patterns were formed during
crystallization from an aqueous solution containing milk and
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CuCl2. Sixty biocrystallograms were prepared for each of the milk
samples spiked with the target antibiotics (2 different milk
samples 2 different antibiotics  4different concentrations)
(Fig. 3) and the raw milk samples naturally treated with penicillin
G (Fig. 4). Thus, a total of 1020 biocrystallogram images were
obtained. Multi-centered and malformed biocrystallogram images
were discarded. The center of the glass dish was marked prior to
the drying step. The crystallization center of the images to the
periphery of the image and the center of the glass dish along the
vertical axis were measured and the average was calculated. The
single centered images with crystallization centers closest to the
average were selected.
2.3. Image capture
After the crystallization step, digital images of the biocrystallograms were captured using a Nikon D90 camera ﬁtted with a
60 mm f/2.8D AF Micro-Nikkor lens with the following mode
speciﬁcations: ISO 250, record mode HQ (JPEG ﬁle format 1/8
compression), aperture priority F 5.6, exposure 0.3 eV and
focusing mode single AF. The camera was positioned vertically
over the sample at a 40 cm distance. The angle between the camera
lens, the lighting source, and the illumination were ﬁxed, and the
same settings were used for all of the sample images. For this

Fig. 3. Biocrystallogram images of (a) raw milk, (b) raw—2 ng mL1 penicillin G, (c) raw—4 ng mL1 penicillin G, and (d) raw—8 ng mL1 Penicillin G.
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Fig. 4. Biocrystallogram images of (a) raw milk, (b) raw milk obtained from a cow treated with Penicillin G.

purpose, a wooden light box (dimensions 390  390  160 mm,
l  w  h) providing dark illumination was constructed as
described by Huber et al. (2010). The images were transferred
and stored on a PC as a JPEG format of ‘‘high resolution’’ and
‘‘superﬁne quality’’.
2.4. Neural network (ImgProcNN) and image processing
Four ImgProcNNs were used to classify the raw/UHT milk
samples and samples containing either penicillin G or ampicillin at
three different concentrations: 2, 4, and 8 ng mL1. The fourth
ImgProcNN was used to classify different sample types in a single
neural network. For these ImgProcNNs, a set of 123, 90, 126, and
243 images were utilized to train the corresponding neural
network for discrimination of penicillin G containing milk samples.
A new set of 15 images for each class was then prepared for testing.
The same type of neural network was used for ampicillin detection
in raw/UHT milk samples. For these ImgProcNNs, a set of 119, 124,
153, 230 biocrytallogram images were utilized to train the
corresponding neural network for discrimination of ampicillin
containing milk samples. A new set of seven images for each class
was then prepared for testing. In contrast, only one ImgProcNNs
was created to classify raw milk and raw milk naturally
contaminated with penicillin G. For this ImgProcNN, a set of 64
images was used in the training phase. A new set of 15 images for
each class was then prepared for the testing phase.
In the image processing neural network (ImgProcNN) technique, images obtained from milk samples spiked with different
amount of penicillin G and ampicillin were captured and saved in
RGB (red, green, blue) space. For each component in RGB space, we
performed two calculations: the mean and the standard deviation.
The mean characterizes the average color properties of the milk
samples, while the standard deviation provides a measure of color
variation. Because three digital values were assigned to every pixel
of color image of the sample, a total of six color features were
calculated for the whole image. In other words, the mean and the
standard deviation of each color component (R, G, B) were
calculated for each image (Zheng et al., 2005).
All of the algorithms for the pre-processing of full images were
written in MATLAB R2009b (The Math Works, Inc., MA, USA). Each
2731  2745 pixel RGB image that had a circular shape was cropped
to a 1771  1511 pixel RGB image with a rectangular shape (Fig. 5).
These ﬁnal rectangular images were chosen to include the center
region of the original biocrystallograms. Then, those images were
used as the input for the neural networks. The number of hidden

neurons in these neural networks was chosen as 20. During the
training phase, we would increment the number of hidden neurons
by two every 400 epoch if the learning process did not improve
(Islam et al., 2009). For the training algorithm, we used the back
propagation algorithm (Cichocki and Unbehauen, 1993; Freeman
and Skapura, 1991). Fig. 6 shows a three layer neural network that is
designed to classify the milk samples. The output of the hidden
neuron of this neural network, yj, is computed as:
!
N
X
j
X i whji þ u
yi ¼ f
(1)
i¼1

where Xi is the mean or the variance of the biocrystallograms (mk,
sk where k is R, G, B), N is 6, whji is the weight from jth hidden
neuron to the ith input neuron, uj is the bias unit weight for the jth
hidden neuron and the activation function for the hidden layer, K(),
is a tangent hyperbolic function deﬁned as:

fðzÞ ¼

ez  ez
ez þ ez

The output of the neural network, o, is calculated as:
0
1
L
X
o
o ¼ f@ y j w1 j þ bA

(2)

(3)

j¼1

where b is the bias unit weight for the output neuron, L is the
number of hidden neurons (which is 20 for this neural network),
and the term wo1 j is the weight from the output neuron to the jth
hidden neuron.
These ImgProcNNs were used to replace the human visual
decision-making process.

3. Results
In all of the images (e.g., Figs. 3 and 4), each pixel has three
components corresponding to red, green, and blue. We reduced the
image size to 1771  1511, as in Fig. 5, and we calculated the mean
and the standard deviation of the red, green and blue components
of these images. As a result, we extracted six features for each
image. These features were the input to the feed-forward neural
network. The fully inter-connected feed-forward neural network
that was used for raw milk and raw milk spiked with 2 ng mL1
penicillin G classiﬁcation is depicted in Fig. 6. In Fig. 6, mR, sR, mG,
sG, mB, sB are the mean and the standard deviation values for red,
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Fig. 5. Reduced image size (1771  1511) for (a) raw milk, (b) raw—2 ng mL1 penicillin G, (c) raw—4 ng mL1 penicillin G, and (d) raw—8 ng mL1 penicillin G.

green and blue components of the RGB images. There was one
output node, and the value of the node was 0.9 if the features
belong to one type of class such as raw milk, or else 0.9 if the
features belong to another type of class such as raw milk
containing 2 ng mL1 penicillin G.
The back propagation learning algorithm was used to estimate
the hidden layer, the output layer weights and the biases for the
optimal design of the neural network. If the input image belongs to
raw milk (Type-1), then the output neuron is expected to be bigger
than zero. A value of zero is chosen for the threshold to help decide

whether the input image belongs to the raw milk sample (Type-1) or
the 2 ng mL1 sample (Type-2). This threshold value is found using
the probability density function (pdf) of the training milk samples
for raw milk and 2 ng mL1. The probability density function (pdf) is
estimated using the Parzen method (Masters T., 1993). Hence, an
estimate of the density function from the samples can be obtained
from:
X y  y 
1
1
i

F
(4)
; j ¼ Raw milk or 2 ng ml
f j ðyÞ ¼
i
ns j
sj

Fig. 6. Single output image processing neural network (ImgProcNN) for raw and
UHT milk, 2 ng mL1 penicillin G or 2 ng mL1 ampicillin containing milk samples.

where yi fi ¼ 1; 2; . . . ; ng is the neural network output for the raw
milk samples or the 2 ng mL1 samples, F is the Gaussian density
function (i.e. FðyÞ ¼ expðy2 Þ) and the constant sj is chosen to be
0.25 for the experimental data (j = 1 for raw milk, and j = 2 for
2 ng mL1). If the same penalty or the cost assumed with a missdetection and the false alarm rate, the threshold value is at the
point of intersection of the two probability density functions,
which is zero as shown in Fig. 7.
Table 2 shows the testing statistics of the neural network
(Fig. 6) applied to discriminate raw and UHT milk samples
(antibiotic free) from those containing different concentrations of
penicillin G and ampicillin residues. Table 2 also shows the
training and testing statistics for the neural network to distinguish
between raw milk and milk samples obtained from a cow treated
with penicillin G. In the present study, 5000 epoch were used to
train the above neural networks to reach a sum-squared error of
0.01. An epoch is deﬁned as the presentation of the entire training
set to the ImgProcNN, and the sum-squared error is deﬁned as a
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Fig. 7. The decision threshold is found to be zero, if the testing output is less than zero,
then the input image belongs to 2 ng mL1 or else it belongs to the raw milk samples.

measure of how well the ImgProcNN is doing at a particular point
during its training (Masters, 1993; Cichocki and Unbehauen, 1993;
Freeman and Skapura, 1991).
In the testing phase, 15 samples were used for each class (raw
milk, 2, 4, and 8 ng mL1 penicillin G containing raw milk, and 2, 4,
and 8 ng mL1 ampicillin containing raw milk). These test samples
were not used during the training phase. For testing, 93%, 97% and
97% recognition performances were reached for raw milk samples
contaminated with different amount of penicillin G by the
corresponding neural networks (Table 2). In the UHT milk
samples that contain different concentrations of penicillin G, 97%
recognition performance was achieved.
On the other hand, we obtained 97%, 97% and 97% recognition
performance in raw milk samples contaminated with ampicillin by
the same ImgProcNN (Fig. 6). In the case of UHT milk treated with
ampicillin at different concentrations, seven images were used in
the testing phase for each class (UHT milk, and UHT samples
containing 2, 4, and 8 ng mL1 ampicillin). These test images were
not used during the training phase. For testing, we reached 93%,
100% and 93% recognition performances by the corresponding
neural networks.
In the case of the cow treated with penicillin G, 15 samples that
were not used during the training phase were utilized for each
class (raw milk, and milk that had been naturally contaminated
with penicillin G). In this case, we reached 97% recognition
performance using the neural network shown in Fig. 6.
We trained one more neural network where we used the same
number of inputs (i.e. six), but the number of outputs was increased
Table 2
The testing statistics for ImgProcNN (penicillin G, ampicillin and naturally
contaminated with penicillin G).
Neural network type

Testing
recognition (%)*

ImgProcNN (raw milk and raw—2 ng mL1 penicillin G)
ImgProcNN (raw milk and raw—4 ng mL1 penicillin G)

93
97

ImgProcNN (raw milk and raw—8 ng mL1 penicillin G)
ImgProcNN (UHT milk and UHT—2 ng mL1 penicillin G)
ImgProcNN (UHT milk and UHT—4 ng mL1 penicillin G)
ImgProcNN (UHT milk and UHT—8 ng mL1 penicillin G)
ImgProcNN (raw milk and raw—2 ng mL1 ampicillin)
ImgProcNN (raw milk and raw—4 ng mL1 ampicillin)
ImgProcNN (raw milk and raw—8 ng mL1 Ampicillin)
ImgProcNN (UHT milk and UHT—2 ng mL1 ampicillin)
ImgProcNN (UHT milk and UHT—4 ng mL1 ampicillin)
ImgProcNN (UHT milk and UHT—8 ng mL1 ampicillin)
ImgProcNN (Raw milk and milk naturally contaminated
with penicillin G)

97
97
97
97
97
97
97
93
100
93
97

*
5000 epoch were used to train the neural networks to reach a sum-squared
error of 0.01.

Fig. 8. Multi-output image processing neural network (ImgProcNN) for raw milk/
UHT milk, 2, 4, and 8 ng mL1 penicillin G/ampicillin containing milk samples.

to 4 (Fig. 8). Each output corresponds to each class, raw milk or UHT
milk; raw or UHT milk containing 2, 4, and 8 ng mL1 of either
penicillin G or ampicillin. We needed 65 hidden neurons, and we
spent 100,000 epoch to reach the sum squared error of 0.01. When
the input set was belong to raw milk, the ﬁrst output was 0.9 and all
the other outputs were 0.9. If the input set belonged to a milk type
having 2 ng mL1 penicillin G or ampicillin, then the second output
was 0.9 and all the other outputs were 0.9, etc. During testing, we
again used 15 samples for each class, and we reached an 88%
recognition overall. We created the same type of neural network as
shown in Fig. 8 for the images obtained from the milk samples
spiked with ampicillin. Again, we obtained an 88% recognition level.
We applied the same neural network as depicted in Fig. 8 for
UHT milk samples contaminated with different concentrations of
ampicillin. During testing, we used seven images for each class, and
we achieved 89% recognition overall. For the UHT milk containing
different concentrations of penicillin G, we reached 86% of
recognition for the corresponding neural network.
When comparing the different neural networks (Figs. 6 and 8),
it can be seen that the number of epochs and the number of hidden
neurons were increased in the neural network described in Fig. 8.
However, the recognition performance was decreased because the
necessary number of classiﬁcations for a single neural network
increased with the number of outputs.
We reached a recognition performance between 86% and 100%
for each neural network type during testing. This high level of
recognition suggests that ImgProcNN and the RGB color values is a
promising method for analyzing biocrystallogram images to
determine the presence and concentration of penicillin G or
ampicillin in raw/UHT milk.
Performance of the ImgProcNN was further evaluated using the
data in the matrix given in Table 3, which shows the confusion
matrix for the Raw Milk-Raw Milk Naturally Contaminated with
Table 3
Confusion matrix for testing results of two class classiﬁer, ImgProcNN.
Predicted

Actual

Negative
Positive

Negative

Positive

15
1

0
14

S. Unluturk et al. / Journal of Food Composition and Analysis 32 (2013) 12–19

penicillin G ImgProcNN classiﬁer. According to Table 3, the
ImgProcNN does not confuse the two classes and can distinguish
between raw milk and raw milk that has been naturally
contaminated with penicillin G.
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