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MATURITY CLASSIFICATION FOR COMPOSTED SEWAGE SLUDGE AND RAPESEED
STRAW MIXTURE BASED ON NEURAL ANALYSIS OF IMAGES
ACQUIRED IN UV-A LIGHT

Summary

Composting is one of the most efficient ways ofagiag municipal sewage sludge. Recently, due tintreased demand
for composting, the issue of conducting this predesost effective way is of particular importanBetermining the early
maturity stage of the composted material can sicgmiftly improve the efficiency of surface managenoémelatively ex-

pensive compost plant. The following research prsselassification of neural models for determinthg early stage of
composted mixture of sewage sludge and rapesead,dbasing on information contained in images otarial samples

obtained with UV-A illumination. The topology o&tMLP network was used in the construction of diassion models.

As input variables, 25 color parameters and 21uexparameters were originally used, but also stepge taken to elimi-
nate their number. The classification error for ttheveloped neural models ranged from 1.83 to 4.211%. best model in
terms of the lowest value of error, and the smaltesnber of input variables required, included l&urons in the input
layer, 50 neurons in the hidden layer and 2 neurionthe output layer. The following model is chaeaized by a slightly
lower classification error and a slightly simplargcture than the best possible model developeghitier studies for visi-

ble light illumination.
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KLASYFIKACJA DOJRZALO SCI KOMPOSTOWANEJ MIESZANINY OSADU SCIEKO-
WEGO | StOMY RZEPAKOWEJ NA PODSTAWIE NEURONOWEJ ANA LIZY OBRAZOW
POZYSKANYCH W SWIETLE UV-A

Streszczenie

Kompostowanie jest jednym z najeiavszych sposobéw zagospodarowania komunalnyctbwsagkowych. W ostatnim cza-
sie, ze wzgtu na wzmépne zapotrzebowania na kompostowanie tych osadirzegdlnego znaczenia nabiera kwestia prowa-
dzenia tego procesu w spos6b wydajny. Odpowiedoiesme wykrywanie qghiecia przez kompostowany materiat stadium
wczesnej dojrzalti mae znaczco poprawd efektywng’ gospodarowania powierzchinielatywnie drogiej ptyty kompostowej.
W pracy opracowano klasyfikacyjne modele neurordnvekrelania tego stadium dla kompostowanej mieszaningogzaeko-
wego i stomy rzepakowej, baztg na informacjach zawartych w obrazach prébek nigte pozyskanych przyswietleniu
UV-A. Przy budowie modeli klasyfikacyjnych wykdezys topolog; sieci MLP. Jako zmienne Weipwe pierwotnie wykorzysta-
no 25 parametréw dotygzych barwy oraz 21 parametrow dotycych tekstury, przy czym wykonano rovweigiatania dzgce

do eliminacji ich liczby. B klasyfikacji dla opracowanych modeli neuronowyekvierat s¢ w przedziale od 1.83 do 4.27%.
Najlepszy model pod wzdem najniszej wartdci tego bédu, a przy tym najmniejszej liczby wymaganych aigierefciowych,
zawierat 16 neurondw w warstwie @pwej, 50 neuronéw w warstwie ukrytej i 2 neurgnyvarstwie wyjciowej. Model ten
cechowat si nieco niszym hitdem klasyfikacji i nieco prostsatruktug, niz najlepszy z modeli opracowanych we \igiegszych
badaniach dla éwietlenia w postaciwiatta widzialnego.

Stowa kluczoweanaliza obrazu, sieci neuronoweiwaetlenie UV-A, dojrzaté kompostu, komunalny osadekowy, sto-
ma rzepakowa

1. Introduction When planning the agricultural use of processedagew

sludge compost, great care should be taken to erthat

Sewage sludge is a problematic by-product geretiate
the process of wastewater treatment. Until recestlyrage
was the basic way of managing this type of sludgealish
conditions. Currently legal regulations in forcernat allow
for storage of the mentioned material in an unpssed
form. Municipal sewage sludge is a waste, and fbezdts
management should be carried out in accordance tivth
hierarchy of waste management. Therefore, the sldidig
mation should first be prevented, which is pradfycan-
possible, and then recycled (including organic céng).
Particularly, it involves the composting of sludigeorder
to obtain material suitable for fertilizing purpaséls].
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the content of heavy metals in the sludge and atiéty in
the obtained compost doesn't exceed the permissihles.
Typically, sewage sludge from municipal wastewater
treatment plants is a suitable feedstock for obigithe fol-
lowing compost.

The correct course of the composting process ef th
sewage sludge itself is practically impossible. yOwhen
the sludge is mixed with the appropriate strucforeing
material, the composting process has a chanceéoaa a
correct course. This may be obtained by a matstieh as
straw, e.g. corn [9] or rapeseed [8]. Straw ondhe hand
influences the structure of the composted mixtansuring
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free access of oxygen to the matter and free actdfimi-

composting processes were carried out using a Giocha

croorganisms leading to oxygen decomposition. Om thbioreactor located in the Ecotechnology Laboratiryhe

other hand, the addition of straw improves theorafi car-
bon to nitrogen (C:N), which also promotes the prop
course of matter oxygen distribution [3, 4]. Moregv
composting provides one more extremely importaatufies
considering the use of sewage sludge as a substpas-
teurisation of the processed biomass [7, 16]. suigported
by the thermophilic phase occurring in a properbn-c
ducted composting process, during which the tentpera
of the material exceeds 45°C and can even reach 808
above. It is assumed that proper hygienisatioroaffosted
material involving sewage sludge takes place wketem-
perature is maintained at the level of 55°C foleast 1 day
or reaches the level of at least 70°C for at |&dsbur [9].
Recently, due to the increased demand for commpsti
sewage sludge, the issue of conducting this proicess
efficient way is of particular importance. Thistirn is re-
lated to the need to properly manage the surface refa-
tively expensive compost plant. This can be done
prompt detection of early maturity stage of the posted
material, upon which the process of oxygen decoitipos
is significantly slowed down. Such composted matezan
then be transferred from relatively low and naremmpost
heaps, which requiring large surface, to the matuglant,
where it can be stored in much higher and more in&ss
heaps requiring a much smaller surface. Properlyy ea
transfer of the composted material to the matuiant al-
lows for a faster start of a new feedstock compgstPre-
cise determination of early maturity stage of costpis
problematic. In a classic approach, it requires sty
chemical analyzes, including gas emissions frompttoe-
essed material, C:N ratio or humus content [4,2, 1B3].
Unfortunately, these tests are quite costly andetim
consuming, requiring specialized equipment andhénpre-
vailing realities are not practically possible tbtain by
composting plant operators.  The use of computage
analysis methods [3, 11, 14] and neural modeling?]lis
an alternative approach. Satisfactory results vedtained
in previous studies carried out for a mixture ofvage
sludge and corn straw using images obtained ibleidight
(VIS), UV-A and mixed light [9]. In subsequent siesl
conducted by the author, the neural image anaiysifiod
enabled to determine the stage of early maturitythef
composted mixture of sewage sludge and rapesemad str
the basis of images acquired by VIS [8]. The rasolt
these recent studies have been promising. Nevesthethe
author decided to continue research using a lightariant
other than VIS. Therefore, the aim of this workdscreate
classification neural models for determining thelyeana-
turity stage of composted material based on sewhgkye
and rapeseed straw, using information containeichages
of the material samples obtained under UV-A lightaddi-

University of Life Sciences in Pozfdl16]. In total, 7 ex-
periments lasting 25 days were performed. Eachrerpat
was carried out using different air flow parametgrs5, 6,
7, 8 and 12 and reference flow O I/min). On the T,
14th and last days of the experiment, material $asnpere
taken from the bioreactor chambers. These sampérs w
subject to image acquisition and physicochemicalyaes.
The analyzes in particular took into account: drgtter
content, pH and conductivity, density, mineral amdanic
matter content, ammonium and general nitrogen dsase
organic carbon. Each day of the process, the teatyer of
the material and the concentration of oxygen anthara
dioxide as well as ammonia, hydrogen sulphide aethm
ane in the air leaving the bioreactor chambers weter-
mined in a non-invasive manner. On the basis ofatie-
lyzes carried out, photographed material sample® \as-
signed to two classes: (0) - material that did meatch the

bgtage of early maturity and (1) - material thatcresl this

stage. Previously developed guidelines accordind9io
were the basis for this classification:

» the obtained material should be dark-coloured anells
like garden soilor duff; putrefactive or specifindaoffen-
sive odour resulting from intensified ammonia odiogen
sulphide emission is unacceptable,

« the material should undergo the process of hygkenis
tion, i.e. during the composting process its terapge
should be maintained at a level of at least 55tGfdeast 1
day or at least 70°C for at least 1 h,

« the temperature of the obtained material shouldenet
ceed 30°C,

e the obtained material should be relatively stalbhe
content of oxygen in the air escaping from the dbens
should be greater than 18%, whereas the contecerbbn
dioxide should not exceed 2.9%,

« the content of dry substance in the obtained produc
should be higher than 25%,

» the pH of the obtained material should range fram9.

2.2. Image acquisition

Samples of composted material obtained on spdcifie
days were photographed in a specialized photographi
chamber illuminated with UV-A light (Fig. 1). 4 fuescent
Philips TL-D 15W BLB lamps (type T8, power 15 W-di
ameter 28 mm, overall length approx. 450 mm) wéee t
source of illumination. The optical radiation emitt by
these fluorescent lamps in near ultraviolet mayseathe
effect of luminescence of the material. The BlagidiBlue
filter (BLB) used in their construction is designedabsorb
visible light. Virtually all optical radiation eméd by these
lamps is near ultraviolet range (300 - 400 nm), &mgl

tion, the formed models were compared with the rtsde highest peak occurs at 365 nm. The share of viiige in

already obtained by VIS light illumination.

2. Material and methods
2.1. Composted material

The sewage sludge was mixed with rapeseed straw
50/50 proportions in relation to dry matter contefibe
substrates were generated in the Greater Polandnreg
sewage sludge came from a sewage treatment plant
Szamotuly, and straw from a farm located near PoZhiae
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the obtained wavelength range is very small [10].

The DSLR Nikon D80 camera (DX matrix with 10.1
megapixel resolution) and Nikon Nikkor 35mm /1.8G-
S DX lens (35 mm focal length) were used to obiaiages
of the material samples. A highly effective Hoyap8u
MC Prol UV filter was applied to the lens. It iorh
noting that the aim of image acquisition was notetgister
UV radiation, but only visible light, caused largdly the
b%otoluminescence effect of the material under ittfle-
ence of UV-A radiation.
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Fig. 1. Technical drawing of photographic chamlakménsions in millimeters): a — the inside of cheambiewed from the
side, b — the view of the upper inner surface aincher, 1 — the hole for a camera lens, 2 — fluerdstamp fixture,

3 — fluorescent lamp, 4 — reflective foil, 5 — rerable tray for composted material, 6 — openingtffgate [10]

Rys. 1. Schemat techniczny komory fotograficznen{ary w milimetrach): a — watrze komory widziane z boku, b — widok
wewrgtrznej gornejscianki komory, 1 — otwdr na obiektyw, 2 — oprasmaetiowki, 3 —swietlowka, 4 — folia odbknikowa,

5 — wysuwana taca na kompostowany materiat, 6 ‘ecdwascianka boczna [10]

The sensitivity of the camera matrix was set tollB]) ther segmentation, 1312 images were taken for aaeghi-
whereas the aperture to f/5.6. When photograptarfiked  sition variant, with resolution 968 x 648 pixelsvering a
value of white balance was taken into account, ajtbe  surface area of 98 by 65 mm. Among them, 640 caeckr
available modes the one selected for fluorescatitiig  material that did not reach the stage of early nitgtuand
(color temperature 4300 K) was chosen. Each sampke 672 that reached the desired stage. Sample imége® o
photographed in three variants of image acquisitionmaterial composted with an air flow of 4 I/min, aisted
UVA1ls, UVA5s and UVA10s, respectively at the expesu with an exposure time of 5 s, are presented inZEig.

time: 1, 5 and 10 s. As a result of image acquoisitind fur-

Source: own work Zrédio: opracowanie wiasne

Fig. 2. Exemplary photographs of the material costed at airflow 4 I/min: 1 (a), 7 (b), y14 (c) aR8l day of the proces
(d)

Rys. 2. Przyktadowe obrazy materialu kompostowamegp przeptywie powietrza 4 I/min: 1 (1), 7 (b4 () i 25 dzié
procesu (d)
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2.3. Image processing and analysis

Each of the acquired images of composted materal
subject to a wide analysis, both in terms of calod tex-
ture. This analysis was carried out in the Matlabimn-

ment extended by the Image Processing Toolbox. fe&s a

sult, 46 parameters were determined for each imagme
of them were subject to the original images in R@B
model, and some for the images having the follovirags-
formations:
— conversion to an 8-bit greyscale (256 valueshefih-
tensity) — the intensity of each pixel determinex the
weighted sum of its R, G and B components:
GS=0.298R+0.5870G+0.1140B, Q)
— conversion to an HSV model,
— binarisation of the greyscale image using thi¥dhg
threshold values: 0.05, 0.1, 0.15 and 0.2,
— reduction of the resolution of the greyscale imm&mgthe
following resolutions: 768 x 512, 384 x 256, 19228 and
96 x 64 pixels.

As a result of the image analysis, values of #ected
25 color parameters were obtained [8, 9]:

During their creation, the following criteria wetaken into
account: 8 pixel brightness classes, 4 proximityrae di-
rections, i.e. 0, 45, 90 and 135° (symmetrically)l 4 pixel
proximity. For each of the analyzed images 21 texpa-
rameters were determined [8, 9]:

GS_ENT - the entropy of the greyscale image,

— GS_CON, GS512_CON, GS256_CON, GS128 CON,
GS64_CON - the intensity contrast between pixetstae
neighbourhood for the greyscale image in the oaigamd 4
modified resolutions, averaged for the adoptedctimas,

— GS_COR, GS512_COR, GS256_COR, GS128 COR,
GS64_COR - the correlation between pixels and the
neighbourhood for the greyscale image in the oaigamd 4
modified resolutions, averaged for the adoptedctivas,

— GS_ENE, GS512 ENE, GS256 _ENE, GS128 ENE,
GS64_ENE — energy for the greyscale image in tiggnad

and 4 modified resolutions, averaged for the adbgieec-
tions,

— GS_HOM, GS512_HOM, GS256_HOM,
GS128 HOM, GS64 _HOM - homogeneity for the grey-
scale image in the original and 4 modified resolusi av-
eraged for the adopted directions.

— WH_PER1, WH_PER2, WH_PER3, WH_PER4 — the

percentage of white in the images binarized using t
adopted threshold values (0.05, 0.1, 0.15 and réshec-

tively),

— MEAN_R, MEDIAN_R, STD_R - mean, median and

standard deviation of the R component for the R@RBge,

2.4. Neural models development

The first stage in the construction of classifmatneu-
ral models to determine the early maturity of costpmn-

— MEAN_G, MEDIAN_G, STD_G - mean, median andsisted in the preparation of 3 sets of data, omecémh of

standard deviation of the G component for the R@Bge,

the image acquisition variants (UVAls, UVA5s and

— MEAN_B, MEDIAN_B, STD_B - mean, median and UVAL10s). Each case of such contained set of vadiie®

standard deviation of the B component for the R@Bge,

parameters obtained from the image, constitutimpmitinn-

— MEAN_GS, MEDIA GS, STD_GS - mean, medianformation for the neural network and qualitativeipu in-

and standard de viation of the grey intensity for grey-
scale image,

formation about the maturity stage of the compostede-
rial (IS_YCOMP variable taking the values O or Epch

— MEAN_H, MEDIA H, STD_H — mean, median and data set contained 1312 cases (640 for materiadttanot

standard deviation of the H component for the H®¥de,

reach early maturity and 672 for material that ecéd it).

— MEAN_S, MEDIA_S, STD_S — mean, median andFrom these sets, 2:1:1 sets were extracted: tpi(656

standard deviation of the S component for the H8¥ge,

cases), validation (328 cases) and test (328 ca3eg)

— MEAN_V, MEDIA_V, STD_V — mean, median and process of constructing neural models was perforimeice

standard deviation of the V component for the HBMge.
In the process of texture analysis, GLCM (Gray leve-
Occurrence Matrix) matrices were determined [6,14].

Input layer
(46 neurons)

/
25 colour _
parameters
N
/
21 texture
parameters

Fig. 3. The initial structure of neural network$ [8
Rys. 3. Poegkowa struktura sieci neuronowych [8]
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Hidden layer
(50 neurons)

Statistica 10 environment. MLP with one hidden taj@
was used as the network topology. The structutbetre-
ated neural models was taken into account (Fig. 3):

Output layer
(2 neurons)

O IS_YCOMP-0

O IS_YCOMP-1
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« inthe input layer: originally 46 neurons,

* in the hidden layer: 50 neurons with activationdtion
in the form of hyperbolic tangent,

* in the output layer: 2 neurons with the activatfanc-
tion in the form of softmax.

The networks were trained using the superviseduzon
gate Gradients (CG) algorithm, considering the refuac-
tion in the form of mutual entropy. The construntimf neu-
ral models was carried out in an iterative mankesm the
obtained iteration of the network, the input valésbwere
removed, for which the sensitivity analysis showbdt
they were potentially irrelevant or even damagimpen,
the network devoid of these variables was traingdira
Considering a relatively large number of input ahtes,
the threshold value of the error quotient at 1.0#s vas-
sumed. The iterative construction of new networks Wwe-
ing performed to the point, that no input variablese left
giving an error quotient of less than the adoptedghold
value. For each of the created neural model, dleaton
statistics were defined for individual sets. Clésation er-
ror was of particular importance, as it informecduatbthe
percentage share of incorrect network responsesmdigted
for the test set. This set, unlike learning anddedion set,
was not used in the learning process of networks phly
for their evaluation. In a situation where two oone mod-
els obtained the same classification error value simpler
one was chosen as the better one.

3. Results

Tables 1, 2 and 3 present information on the ez
neural models used to determine the stage of eaatyrity

of a composted mixture of sewage sludge and ragesee
straw. Based on the adopted methodological assanti
12 such models have been developed, includingr 4hi®
UVA1ls image acquisition variant, 3 for the UVAS5gieat

and 5 for the UVA10s variant. The classificatiomoerin
relation to the test set for the models developedhie
UVALs variant ranged from 3.66 to 4.27% and wasutye
the highest. Regarding the UVA5s and UVA10s vasant
the values of this error were respectively in thkofving
ranges: from 1.83 to 2.74% and from 1.83 to 2.13%.

Among the developed neural networks, MLP 16-50-2
UVAS5s was considered the best, characterized bgssifi-
cation error for the test set at 1.83%. Althougtvais char-
acterized by the same error value as the modeld? 212-
50-2 UVAS5s, MLP 46-50-2 UVA10s and MLP 17-50-2
UVALOs, it had a simpler structure - it containbd towest
number of input variables. In the selected netwgvik P
16-50-2 UVADBS), the following input variables weedt (in
order from the most important one): R_STD, WH_PER1,
R_MEAN, S_MEDIAN, B_STD, V_STD, GS128_CON,
V_MEAN, B_MEAN, WH_PER3, S_MEAN, GS64_ENE,
GS128_COR, WH_PER4, GS128_ENE and GS64_HOM
(Fig. 4). There are both those that concern cahothie
RGB, HSV and binary scale models, as well as thbat
inform about the texture. This network does notlude
color information in the greyscale.

The best model developed in the previously comaiict
studies, during which acquisition of composted uomixt of
sewage sludge and rapeseed straw was carried ingt\Us
light, was characterized by an error of 2.44% &eddllowing
structure: 23 neurons in the entrance layer, 50onsun the
hidden layer and 2 neurons in the initial layer [8]

Table 1. The developed classification models ferttYAls acquisition variant
Tab. 1. Modele klasyfikacyjne wytworzone dla watriaakwizycji obrazu UVA1ls

Model Classification error [%] Number of training Number of poten_tially
Train set Validation set Test set epochs unnecessary variables
MLP 46-50-2 UVAls 3.20 1.83 3.66 71 33
MLP 13-50-2 UVAls 4.12 2.74 3.96 14 5
MLP 8-50-2 UVA1ls 3.81 2.74 4.27 38 1
MLP 7-50-2 UVA1ls 3.66 3.05 4.27 56 0

Source: own work Zrodto: opracowanie wiasne

Table 2. The developed classification models ferlttY A5s acquisition variant
Tab. 2. Modele klasyfikacyjne wytworzone dla watriaakwizycji obrazu UVA5s

Classification error [%)] Number of training Number of potentially
Model - — )
Train set | Validation set Test set epochs unnecessary variables
MLP 46-50-2 UVA5s 1.98 1.52 2.74 97 24
MLP 22-50-2 UVA5s 2.90 1.22 1.83 76 6
MLP 16-50-2 UVA5s 3.20 2.13 1.83 68 0

Source: own work Zrodto: opracowanie wiasne

Table 3. The developed classification models ferlttvA10s acquisition variant
Tab. 3. Modele klasyfikacyjne wytworzone dla watriaakwizycji obrazu UVA10s

Classification error [%)] Number of training Number of potentially
Model - —— .
Train set | Validation set Test set epochs unnecessary variables
MLP 46-50-2 UVA10s 2.29 1.22 1.83 46 23
MLP 23-50-2 UVA10s 1.98 1.22 2.13 96 4
MLP 19-50-2 UVA10s 1.83 1.22 2.13 67 1
MLP 18-50-2 UVA10s 1.83 1.22 2.13 57 1
MLP 17-50-2 UVA10s 2.90 1.52 1.83 79 0
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Source: own work Zrodio: opracowanie wiasne
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50-2 UVA5s (the higher the value, thore important the

Rys. 3. lloraz kidu dla zmiennych wykorzystanych w modelu MLP 18-E0/A5s (im wgsza wartéé, tym waniejsza

zmienna)

The result obtained in the present research ghtb)i
better, both in terms of classification error amdpder net-
work structure. This allows us to believe that the-A
lighting used in the acquisition of images of thealgtzed
material enables to better highlight certain feaguof the
photographed material, relevant from the point iefaw of
the maturity stage analysis, than the VIS lightnifibe au-
thor notices the need to continue the researchuding
also mixed lighting, bearing in mind that in theseaf an-
other material (compost based on sewage sludgec@md
straw), it gave very good results [9].

(2]

(3]

4. Conclusions (4]
As part of the research, classification neural eledor
determining the early maturity stage of compostedage
sludge and rapeseed straw based on informatioraioeat
in sample images of composted material acquirederund
UV-A light were developed. The following conclusgn
were drawn:
1. The classification error for the created neural eied
ranged from 1.83 to 4.27%.
2. The lowest value of the classification error, takinto
account the simplest structure, was characterigeonle of
the models produced for the exposure time of 3 soh-
tained 16 neurons in the input layer, 50 neuronhénhid-
den layer and 2 neurons in the output layer.
3. The classification error for the best model wagtgliy
lower (by 0.61%) than the error for the best depetb
models in the previous studies for VIS lighting.

(5]

(6]

(7]
(8]
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