Blue Apple - An algorithm to realize agricultural classifica-
tion under difficult light and color situations
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Abstract: Computer image processing becomes more and more important in the analysis of data in
biological and agricultural research and practice. However, robust image processing is highly de-
pendent on the histogram analysis algorithms used and the quality of the data being processed. The
algorithm presented here aims to improve the accuracy of the classification of image data generated
under complex boundary situations and inconsistent lighting conditions. Using the example of the
determination of nitrogen content of tomato leaves and the qualitative determination of starch con-
tent of apples on the basis of color image processing, we showed that the developed algorithm is
able to perform a robust classification and represents an improvement to simple histogram analysis.

Keywords: Classification, Histogram Analysis, Color Image Processing, Starch Detection Apples,
N-Analysis Plants

1 Introduction & Objectives

Spatial data or images are the most important data sources in biology and agricultural
science in practice and research. Today, image processing algorithms that analyze differ-
ent color spaces with different color channels are mainly used to evaluate such data
[HCR18, NAA21, PR18]. By using standard cameras the number of color channels is
limited to three. Newer sensor data sets often also contain a higher number of different
color channels (multispectral data) [Ral7]. The evaluation of such data is usually done in
such a way that first the objects are separated that are of importance (foreground-back-
ground separation or binarization), then the objects are analyzed by color, shape and other
morphological properties and compared with existing (calibrated) data sets. At the end
the previously unknown dataset (image) is classified into one or more reference data.
Histograms of the color channels are often used in this process [HLE18]. These histograms
are evaluated additively, multiplicatively or by artificial intelligence methods. The special
problem is that the histograms are usually not normally distributed, since they originate
from a natural image or a natural environment. Thus, they are skewed, contain an un-
known number of zero values, and, above all, are often provided with several peaks.
Therefore, statistical methods that assume a normal distribution of the histograms cannot
be used. Likewise, it significantly complicates the use of deep learning methods, since
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essentially the results depend on the infinitely possible combination of input data. In ad-
dition, different lighting situations in the reference data set and (or) within the test image
complicate the evaluation, so that today the evaluation of biological color images under
different natural lighting conditions is a major challenge [JTZ11]. Figure 1 illustrates the
problem described above with a simple example. An algorithm should assign a test image
in the RGB color space with the help of a simple histogram comparison to one of three
images in a reference database; namely to the image which comes closest to one of the
reference images. Due to the skewness of the histograms of the reference images and the
many zeros in the histograms, the algorithm does not succeed in assigning the test image
(and this, although from the optical impression a clear assignment would be possible).

In order to be able to solve the presented problem of the histogram evaluation in biological
images with high variability, new procedures are necessary, which

consider the non-statistical distributions of histograms

take into account the histograms of all available color channels
be independent of the number of color channels and color spaces
be independent of the compression of the original images
compensate lighting differences as far as possible

2 Methods & Algorithms developed

The Blue-Apple algorithm was developed with the image processing software Halcon
(MVTec, Munich, Germany) with the intention to enable difficult color classifications of
biological-agricultural objects and to improve or support previous mentioned procedures
and methods. It can be divided into three sections.

Section 1: In a first binarization step, all image parts except for the "region of interest"
are removed in order to use only relevant image information for the subsequent classifi-
cation process. This includes at least the removal of the background as in the first example
in chapter 3 (determination of the nitrogen content of tomato leaves). In the second ex-
ample of starch analysis of apple halves, the removal of the apple core housing is also
required. Thus, as defined in the test procedure, only the fruit flesh is analyzed in the
discoloration reaction and false conclusions or pseudo-correlations due to the apple core
housing are avoided. The corresponding algorithms are strongly based on the use of clas-
sical morphological operators and shape factors. They are briefly presented in sections
3.1 and 3.2, and the implemented Halcon code with the corresponding operators can be
downloaded from [Re22] and [Cr22].

Section 2: The main procedure of the developed analysis algorithm is the subsequent
conversion of the relative histograms of the individual color channels into Gaussian-like
distributions. In the following, these converted histograms are referred to as pseudo-
Gaussian histograms. This should demonstrate that they are not Gaussian distributions,
since a statistically clearly defined Gaussian profile cannot be generated from data with
arbitrary (non-normal) distribution. However, the following criteria are imposed on the
pseudo-Gaussian histograms generated with our algorithm:



° There are no zeros in the entire definition range of the histogram, i.e. no element of
the histogram vector may contain the value 0.

° The histogram values decrease towards the edges. Whether these decreases are still
visible in the finally generated histogram or lie outside the definition range of the
histogram is irrelevant.

° The peaks and data distributions present in the original histogram are taken into
account as much as possible when creating the pseudo-Gaussian histograms.

° The pseudo-Gaussian histograms are normalized to a vector length of 1.

° The pseudo-Gaussian histograms consist of interpolation points between which the
vector elements are linearly interpolated.

° The pseudo-Gaussian histograms are composed of two half-sided histograms (right
side and left side), so that extremely skewed distributions can also be modelled
through different histogram halves. The separation between the right and left halves
does not have to be exactly in the middle of the histogram. Rather, it depends on
the initial data set and its distribution.

If Hi. is a histogram with v values h; of a color channel i of the image z, first a relative
input histogram Hyer,i,z With hreri = habs;i /3 hans,i is generated from the absolute input histo-
gram Haps,iz. Subsequently, the relative input histogram is extended at the beginning and
at the end by at least x (default: x >= 256) values each. The new ham,i values are set to 0.
The histogram Ham,i, formed in this way is called the working histogram and contains
v = 3x numerical values, whereby the middle third contains the original relative histogram
Hreliz. Subsequently, interpolation points for the new pseudo-Gaussian histogram Hgau,iz
are derived from the working histogram separately for left and right sides. For this pur-
pose, the expected value for the maximum of the working histogram is first determined
by calculating the center of gravity line of the histogram area. Then linear interpolations
are carried out between interpolation points in the working histogram.

The following steps were used:

Coming from the left, the point pL is determined in the histogram where the partial sum
of hs to hy. exceeds 50% of the total area of the histogram above the x-axis. In the same
way coming from the right, with the partial sum hmax to hyr the point R is determined.

The indices of the important points of the working histogram, namely the peak hy, hyg,
hue, are then recalculated by

p = trunc((UR + pL ) /2) Q)
HL=p )
HR=p+1 3)

In addition to the important histogram points, the total histogram area HF is calculated
from the sum of all vector elements of the working histogram.

The value of the histogram vector at the point p is calculated with
he = (hur + hyL ) - 0.5 4)
The area below the histogram to the left of p is calculated with

Fu|_ = hp : 05 (5)



It is thus simulated that the pseudo-Gaussian histogram initially consists of a straight line
at the level of half of the theoretical peak at the value p. For further calculations, the
increases of the area fractions are calculated according to one side of the Gaussian distri-
bution at 16 - coming from hy, - with F1 = 0.34135 - HF. At 20 the further increase in area
is F2=0.13590 - HF, at 30 correspondingly F3 = 0.02140 - HF and at 46 correspondingly
F4=10.00135 - HF.

In a next step, 8 interpolation points (4 (L1 to L4) to the left of p and 4 (R1 to R4) to the
right of p) are determined for the pseudo-Gaussian histogram. Starting from the point pL
to the left, the working histogram values are added until the sum value reaches or exceeds
F1. This point is noted as the first interpolation point left = L1. In case the F1 limit is not
reached, L1 is assigned to the first number of the input histogram but positioned in the
working histogram. In the second step, the procedure for determining L2 is carried out
similarly, with the difference that now the area F1 + F; is tested for. Since the original
histogram is not Gaussian distributed, nothing can be predicted about the location of L1
to L2, so the following query is of great importance afterwards:

IfL2>=L1then L2 issettoLl (6)

This means that L2 can in any case not lie to the right of the grid point L1. However, the
markers L1 and L2 can fall on the same work histogram element. The interpolation points
L3 and L4 are determined in the same way. The test areas are increased by F3 and then
by Fsand the test from equation 6 is of course always carried out with the grid point
determined in the previous step. The determination of the interpolation points to the right
of UR is done analogously, except that if the area is not reached, the position of the last
element of the input histogram is noted in the working histogram as the interpolation
point. Additionally the test in equation 6 is carried out with <=.

At the end of the interpolation point determination, an average distance on the left and
right side of the histogram is calculated from the distances of the determined points (Eq.
7 & 8). Afterwards the interpolation points LN and RN are calculated (see Eq. 9 & 10).

DL=((L1-L2)+(L2-L3)+(L3-L4)/3 @
DR = ((R2 - R1) + (R3- R2) + (R4 - R3)) / 3 (®)
LN =L4-DL ©9)
RN = R4 + DR (10)

Because of the extending of the input histogram to the working histogram, LN or RN may
well lie within the range of the original data of the input histogram. They are then either
set to the first digit before the range of the input histogram in the working histogram (left-
hand side) or after the last digit of the input histogram in the working histogram (right-
hand side). This later guarantees that no zero values appear within the pseudo-Gaussian
distribution.

The values at the grid points should be based on the original histogram, but at the same
time there is also the requirement that the new histogram should ultimately have a Gauss-
ian distribution. This requirement was implemented by assuming for each interpolation
point the histogram value that would result from the distance to the next grid point and
the area sizes F1 to F4according to Gauss. For example, for L1 the vector value is calcu-
lated from the distance from L1 to pL in relation to the area of Gaussian distribution F.
The following calculations result in the same way for the other interpolation points:



hi = F1/ (UL - L1) (11)

hie=Fa/(L1-L2) (12)
his = Fs/ (L2 - L3) (13)
hisa=Fa/ (L3 - L4) (14)
hin=0 (15)

In the case that the distance between the grid points is 0, i.e. that both grid points lie on
the same histogram element, the respective area value without divisor is taken as the his-
togram value. This results in the histogram values hys to his:

if (UL-L1)=0 then hu=F; (16)
if (L1-L2)=0 then h=F, (17)
if (L2-L3)=0 then hiz3=Fs (18)
if (L3-L4)=0 then his=F4 (19)

Analogous equations result for the right-hand working histogram.

In this step, the values of the working histogram are calculated by interpolation between
the neighboring interpolation points. In the case that two interpolation points occupy the
same histogram point, no calculation is carried out and the previously calculated value is
left. Otherwise the pseudo-Gaussian histogram results from the linear interpolations be-
tween the grid points (LN,0) and (L4,h.4), (L4, hrs) and (L3,h.s), (L3,his) and (L2,hL),
(L2,h2) and (L1,h.1), (L1,hg) and (R1,hr1), (R1,hr1) and (R2,hr2), (R2,hgr2) and (R3,
hrs), (R3,hr3) and (R4,hr4), (R4,hr4) and (RN,0). Note that both LN and RN are definitely
outside the original input histogram at any points in the working histogram.

Finally, the middle third of the working histogram is extracted and the vector values are
normalized to a total length of 1. This histogram then represents the relative pseudo-
Gaussian histogram with which further calculations can be carried out. These steps of the
procedure were implemented under Halcon in H-Develop and can be downloaded as
source code under [Ra22].

Section 3: The classification of the data sets is done by simple difference formation of
the vectors involved (or histograms of the color channels). For each channel, the Ham-
ming distance between the test histogram and every of the reference histograms is first
determined individually. Since these are relative histograms, the maximum distance
(Smax) between two histograms can be 2. If several histograms are considered, the indi-
vidual distances of each histogram are simply added. If three color channels are taken into
account, Smax is 6 and if there is perfect agreement, Srear Will be 0. If Sreq is the distance
between the histograms resulting from the calculations, the numerical agreement value
U* results in

U* = (1-(Sreal/Smax)) *100 (%) (20)

The image that achieves the highest U* value from the reference data set can be consid-
ered the best match. Optionally, pseudo-Gaussian histograms and rel. original histograms
can be used together in the algorithm for the classification process. Both histogram types
are treated equally in the classification process. In this case, a maximum distance value
of 2 times 2 = 4 results per color channel. For example, with three color channels, a Smax
of 6 times 2 = 12 is possible. The principle of the evaluation process always remains the
same, regardless of how many or which color channels from which color space are entered



into the classification algorithm. In the same way, the image data can be compressed to a
low color or pixel resolution before analysis.

Figure 1 demonstrates the effect of the Blue Apple algorithm by using a simple example,
created manually with a computer. On the top of the figure the images A to C are given
as the reference data set. The Image D is the test image which should be classified into
one of A, B or C. The original histograms of the red-channels (of RGB) of A, B and C
are shown in the bottom left part of the figure 1. One sees immediately that with our U*-
calculation (Eq. 20) no one of the A, B, C images could be chosen as a result, because the
U*-values are always 0. Converting the histograms into a pseudo-Gaussian distribution
leads directly to the result that Image D is closest to C. Of course, this theoretical example
is very extreme, but it is only meant to explain how the Blue Apple algorithm works. In
the next chapter, concrete applications will demonstrate the applicability in complex sit-
uations.

Comparizonimages Test image

C D

&
o
g
&
g

&
w

E:
3

I~

0

0 Gray value 255 0 Gray value 255

Fig. 1: Example for using the Blue Apple algorithm by means of 4 manually created easy images
(top) and their responding histograms (bottom left: original, bottom right: pseudo-Gaussian distri-
bution after conversion). For more explanations see text.

3 Evaluation & Examples

3.1 N-Analysis Tomato Leaves

With this experiment we tested the practical use of the Blue Apple algorithm in a specific
plant based task like plant nutrition.

Solanum lycopersicum 'Hoffmanns Rentita' were sown in week 14/20 in sand and they
were transplanted in week 18/20 in nutrient solution Ferty Basis 1 plus calcium nitrate,
EC 1.5. The experimental variants were 0.5, 1.0, 2.0, 4.0, 8.0 and 16 mmol NO3 or NH4
in the nutrient solution. Cultivation was done in 2 L vessels with 3 plants per pot. For the
studies, 3 leaves were taken from each N stage from different plants in the middle area.
Leaves were photographed under standardized conditions in artificial light using a Go-
Pro 8 camera (Go-Pro Inc., San Mateo, USA) with the following settings: photo / fov
linear / superphoto off / protune on / shutter 1/125 ...... (Auto) / iso min 100 /iso max



3200/ ev comp 0/ white balance 2800 K / sharpness high / color flat / no magnification.
The total nitrogen content was determined in the dry mass by dry combustion (DIN EN
16168). The image files were prepared by selecting the green content with the image
processing software Halcon. The code can be downloaded under [Re22].

Results and discussion example 1

An increasing nitrogen content was observed in the leaf samples corresponding to the
increase in concentration in the nutrient solution, which was also visually recognizable
by a more intense green coloration. (see Figure 2)
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Fig. 2: Increasing nitrogen content in leaf samples of Solanum lycopersicum 'Hoffmanns Rentita’'
as a function of nitrogen concentration in the nutrient solution. The triangle dots are the values of
6 reference images.

The images (Fig. 2 and see for examples Figure 3) of the gradient experiment were ana-
lyzed with the Blue Apple methods in different color spaces which results in the reference
data sets. The same procedure was done with randomly taken test samples. These were
also photographed under the standardized conditions and the images were subsequently
analyzed with the Blue Apple method. After digital capture, the leaves were dried and
then the nitrogen content was determined.
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Fig. 3: Reference leaves (standard 1 and standard 6) and test sample 1



N-content | N-content
Nutrient | Test Sam- Test Sam- measured measured
Solution ple 1 ple 2 reference test sam-
RGB color space data ples
mmol Match with reference mg N/kg mg N/kg
N/L % % dry mass dry mass
Image 1 Standard 1 0,5 48,2 73,4 0,76
Image 2 Standard 2 1,0 452 69,7 0,82
Image 3 Standard 3 2,0 63,7 80,1 1,18 1,21
Image 4 Standard 4 4,0 83,2 71,7 1,83
Image 5 Standard 5 8,0 87,9 57,9 3,59 2,71
Image 6 Standard 6 16,0 77,7 53,1 5,18

Tab. 1: Matching results of two test images comparing with the reference images in the RGB
color space and relating N-content and measured N-content of best matches

Image analysis using the Blue Apple program demonstrated a sufficient correlation be-
tween leaf coloration and nitrogen content. The best agreement was provided by the anal-
ysis in the RGB color space. The data for other color spaces are not shown.

3.2 Starch-Analysis Apples

In the second example we wanted to validate the Blue Apple algorithm in complex out-
door situations with different lightning conditions. To do this we choose an example in
the field of fruit analyses.

A total of 42 apples were collected on October 5, 2020 at the Osnabrick University of
Applied Sciences. Twelve apples of the 'Elstar' variety, nine apples of the "'Topaz' variety,
seven apples of the '‘Jona Gold' variety and 14 apples of the '‘Braeburn’ variety were se-
lected. The apples of the 'Elstar', "Topaz' and ‘Jona Gold' varieties were taken froma ULO
(Ultra-Low-Oxygen) store (harvest season 2019) and the '‘Braeburn' variety was harvested
unripe from an apple tree.

Subsequently, the starch-iodine index of 28 apples (nine apples each of the varieties 'El-
star' and 'Braeburn' and five apples each of the varieties "Topaz' and 'Jona Gold') was
determined in the laboratory using the ART-LB light box 3.0 (UP GmbH, Ibbenbiiren,
Germany). For this purpose, the apples were cut in half and the cut surface of one half of
the apple was immersed in a Petri dish containing iodine solution. The apple halves were
set aside with cut side facing up and after 15 minutes excess iodine solution was dabbed
off. The starch-iodine index of the colored apple halves was determined using the ART-
LB light box 3.0. Subsequently, the apple halves were photographed individually on a
black background under a cloudy sky and under standardized lighting conditions in the
laboratory using a mobile phone (HTC, One M9, Taoyuan, Taiwan). Photographs were
taken with automatic white balance and exposure time. The remaining 14 apples were
stored at room temperature for four weeks and on November 2, 2020, the starch-iodine
index was determined as described above and the colored apple halves were photo-
graphed. The total sample size was 42 apples and 84 image files.



By pre-processing the image files with the Halcon image processing software, the apple
halves were isolated from the black background and the core was removed with specific
algorithms from the image (see following chapter).

The pre-treated image files were evenly divided into a test data set and a reference data
set. 21 image files were assigned to both the test and the reference data set. Each image
file in the test data set was compared to all image files in the reference data set and the
image file with the highest match was selected from the reference data set. Only image
files photographed under the same lighting conditions were compared.

Results and discussion example 2

Figure 4 shows the individual steps of image processing pre-treatment of the image files.
In the untreated image, the half of the apple is selected and isolated from the black back-
ground. The image is reduced to the region of the apple half. Then the core housing is
automatically recognized and removed from the image file. For more information about
the Halcon code developed for this see [Cr22]. The image files pre-treated in this way can
be processed with the Blue Apple algorithm.

Fig. 4: Pre-treatment of the image files using the example of an apple of the '‘Braeburn’ variety.
Left: Untreated image file of the apple on a black background. Middle: Isolation of the apple from
the background. Right: Core removal from the image file

Figure 5 shows the result of the manual assignment of the starch-iodine index to the actual
starch-iodine index. The coefficient of determination achieved in this way is the best pos-
sible theoretical result that the Blue Apple algorithm can achieve in this experiment.
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Fig. 5: Result of the manual assignment of the starch-iodine index of the test images.



Figure 6 shows the results of assigning the starch-iodine index of the test images by the
Blue Apple algorithm when comparing the unmodified histograms.
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Fig. 6: Results of the assignment of the starch-iodine index by the Blue Apple algorithm when
comparing the unchanged histograms of test and reference images under different lighting condi-
tions

Figure 7 shows the results of assigning the starch-iodine index of the test images by the
Blue Apple algorithm using the pseudo-Gaussian histograms.
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Fig. 7: Results of the assignment of the starch-iodine index by the Blue Apple algorithm when
comparing the pseudo-Gaussian histograms of the test and reference images under different light-
ing conditions

Figure 8 shows the results of assigning the starch-iodine index of the test images by the
Blue Apple algorithm using unmodified and pseudo-Gaussian histograms together.
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Fig. 8: Results of the assignment of the starch-iodine index by the Blue Apple algorithm in the
combined comparison of the pseudo-Gaussian and unmodified histograms of the test and the ref-
erence image files under different lightning conditions.

Tab. 2 shows the summarized results of all comparisons performed by the Blue Apple
algorithm and the manual index assignment.

Difference between actual and matched
starch-iodine index

Test variant Light condition Mean deviation Standard deviation
Pseudo-Gauss. Artificial light 0.63 0.51
histogga.m Natural light 0.46 0.53
Original Artificial light 0.61 0.55
histogram Natural lipht 0.83 1.15
Pseudo-Gauss. Artificial light 0.69 0.57
and original Natural light 0.52 0.57

histogram

Manual - 0.15 0.14

Tab. 2: Summarized results of the comparison of test and comparison images with different test
variants and lighting conditions. Values rounded to two decimals.

It could be shown that the Blue Apple algorithm is basically able to match an apple to a
reference apple with similar starch-iodine index. The mean deviation from the measured
starch-iodine index was 0.83 with a standard error of 1.15 in the worst case and 0.46 with
a standard error of 0.53 in the best case. The natural light experiments had the clearest
effects, while the artificial light experiments gave different results. Furthermore, looking
at the level of index fluctuations, the result of the assignment could be improved when
using the pseudo-Gaussian histogram compared to using the unmodified histogram under
both standardized and natural lighting conditions. The coefficient of determination in-
creased from 0.72 to 0.94 under natural light conditions and from 0.89 to 0.91 under
standardized light conditions.

4  Discussion and Outlook

The newly developed Blue-Apple algorithm was designed for a better image processing
in RGB or similar color spaces in the field of agriculture and horticulture. In the case of



using manually generated extreme color channel histograms, we were able to show that
the algorithm achieves a clear improvement in classification tasks. Its use in biological
and agronomic practice was successfully confirmed by the example of nitrogen determi-
nation of plant images. The comparison with conventional histogram evaluation based on
the starch determination of apples showed that classification improve with Blue-Apple
even under diverse boundary conditions (degree of ripeness, apple variety). The algorithm
performed particularly well under difficult natural lighting conditions. Blue-Apple is
knowledge based and statistical data driven. Therefore, conversion of grey-scale histo-
grams into so-called pseudo-Gaussian histograms and thus the quality of Blue-Apple's
success always depends on the distribution of the histograms to be evaluated. Neverthe-
less, or rather precisely for this reason, the use of the method appears to be promising,
especially for color classifications in the field of plant cultivation. In addition to histogram
evaluations in image processing, the use of Blue-Apple is also conceivable for processing
other types of sensor data (e.g. fluorescence data or laser distance data). Likewise, one
could use it as a pre-processing step of deep learning methods. Blue-Apple thus represents
a viable and promising extension of evaluation tools in biological and agricultural re-
search and practice.
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