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Abstract: Laboratory in vessel trapezoidal compost system was designed
and constructed. Temperature variation in the compost heap was measured
for five days at various depths. Mathematical model for the variation of
temperature of the composting process was developed using Conformal
Mapping Technique. One of the parameters in the model had two distinct
roots, one a positive root and the other negative root. Prediction of
temperature was done using both the positive and negative root. The
prediction using positive root was named Predicted 1 while that using
negative root was named Predicted 2. Four Polynomial functions were
generated and considered as reasonable choice for fitting the Measured
Surface Temperature (Ts) and Bottom Temperature (Tb) as a function of
the predicted temperature. Predicted 1 showed a polynomial relationship
with Ts and Tb. The R* values of these relationships with Ts and Tb were
0.165 and 0.379 respectively. The R? value of 0.165 is low and signifies
poor estimate of temperature variation in compost heap. On the other hand,
the R? value of 0.379 is adjudged moderately okay for prediction based on
previous researchers. Predicted 2 also showed a polynomial relationship
with Ts and Tb. The R* values of these relationships with Ts and Tb were
0.4226 and 0.688 respectively. The R? value of 0.688 is high while 0.4226
is moderate. The R® values suggested that predicted 2 had a better
polynomial relationship with the measured data than predicted 1. Therefore,
can be used as the best fit for the model. In terms of shape characteristics,
the model simulated the typical temperature-time profile of previous works
on compost temperature models in literature closely. The model like several
other studies due to the short time frame precluded presentation of the
overall shape of the profile. The T-test result (p<0.05) suggested that the
model generally gave accurate estimates of the measured temperature while
the standard deviation and coefficient of variability (C.V.%) Suggested that
predicted 2 gave a more accurate estimate than predicted 1. The results
showed also that the decomposition of the compost material used was
dominated by the presence of mesophilic bacteria. Further work is
suggested to investigate model performance over thermophilic composting
time periods, provide further model sensitivity information and incorporate
natural ventilation aeration expressions into the model.
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Introduction concentration. Temperature has been predicted by all
models, excepting that of Hamelers (1993). In the model
The state variables of primary interest in composting of Haug (1993), temperatures were determined
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content and oxygen iteratively for a series of discrete steady state heat and
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mass balances, rather than predicted for non-steady state
conditions. Models of the effect of temperature on
composting reaction rates have been developed from
Arrhenius functions (Finger et al., 1976; Haug, 1993;
Bari et al., 2000; Neilsen and Berthelsen, 2002),
empirically from composting data (Schulze, 1962;
Smith and Eilers, 1980; Vander Gheynst et al., 1997,
Mohee et al., 1998), empirically from microbial growth
data (Kaiser, 1996; Stombaugh and Nokes, 1996) or
based on cardinal (minimum, maximum and optimum)
temperatures for microbial growth (Rosso et al., 1993).

Experimental composting data has shown that as
temperature is increased from about 20°C, biological
activity tends to first increase slowly, then rise
moderately to a peak value, following which a rapid
decline in activity occurs, typically over a small
temperature range. A number of models have generated
profiles which reflect this phenomenon well (Haug,
1993; Rosso et al., 1993) or are relatively close to it
(Smith and Eilers, 1980).

The temperature of a compost pile is a good indicator
of what is happening at the microscopic level. Manure
heats up because microorganisms are eating degradable
material. These microbes are happiest between 43-66°C.
If the microbes get too hot, too cold, or they run out of
nutrients or air, they will stop doing their job. Although
composting involves a lot of complex processes,
monitoring the temperatures of the piles gives us clues
about what is going on. According to Megan et al.
(2009), the evidence that something has changed in the
pile on a microbial level is a change in temperature.
Instead of using an expensive oxygen meter to measure
the oxygen levels in the piles, you can guess that the
microbes are running out of oxygen as the temperatures
decrease. The microbial succession that occurs in
composting heaps give rise to an increase in temperature
which contributes to the killing of pathogenic micro-
organisms, plant seeds and insect lavae resulting in a
hygienically conditioned product (Hering, 1965;
MacGregor et al., 1981). The decomposition of organic
wastes or plant residue is accomplished under controlled
environmental conditions, which contribute towards
optimum microbial activity. The process may be carried
out in the open ‘windrow’ system (Haug, 1993;
Bongochgetsakul and Ishida, 2008) or in sophisticated
closed reactor (Haug, 1980). Reactors are often aerated,
either by vertical or horizontal aeration (Haug, 1993).
Reactors can be easily adapted to a laboratory scale and
also easily instrumented with sensors and thus are often
the subjects of experiments and mathematical
modelling (Chandrakanthi et al., 2005; Ekinci et al.,
2004; Liang et al., 2004; Lin et al., 2007; Mayo,
1997; Miller, 1989; Petric and Selimbasic, 2008;
Sole-Mauri et al., 2007; Stombaugh and Nokes, 1996;
Petric et al., 2012; 2015).
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Petric et al. (2012) applied the first-order kinetics
(based on process variables: Oxygen, temperature, pH,
moisture content) in order to simulate the profile of
organic matter during the composting process for the
mixture of organic fraction of municipal solid waste and
poultry manure. Baptista et al. (2010) used simulation
model developed by Haug (1993) (with correction
factors for temperature, oxygen, moisture and free air
space) in order to test the application of the model for the
description of the composting process in fullscale
mechanical-biological treatment plants.

The global production of chicken manure is estimated
to be 457 million tonnes per year (Sekar et al., 2010).
This amount is set to increase due to continuous growth
of the poultry industry, which is driven by increased
demand for cholesterol-free food and chicken- derived
products (Magdelaine et al., 2008). Chicken manure
contains all identified essential plant nutrients and its
fertilizer value is well documented (Kelleher et al.,
2002). Soil application of organic amendments, such as
chicken manures, is often regarded as the best practicable
environmental option for waste disposal (Chambers et al.,
2003) and supports the general principles of the waste
management hierarchy (DEFRA, 2010).

The expected growth of the global population and the
associated increase in demand for food and energy, will
increase the reliance on fertilizer inputs (Dawson and
Hilton, 2011). The recycling of organic materials would
need to increase to: (a) Reduce the reliance on mineral
fertilizers, which are going up in price and have,
therefore, adverse effects on crop profit margins, (b)
ensure that finite resources, such as rock phosphate, are
efficiently used and reused and (c) deliver some of the
environmental benefits associated with recycling
(Dawson and Hilton, 2011; Vitousek et al., 2010;
Weikard and Seyhan, 2009). The use of chicken manure
as a soil amendment provides an effective means to
enhance soil fertility and soil physical conditions
(Antonious et al., 2014; Warman, 1986) provided best
management practices are followed. The results of a study
conducted to determine the efficiency of extraction of
soluble nutrients from fresh manures and mature composts
by Ksheem et al. (2015) showed that soluble nutrients are
more readily extracted from fresh chicken manure.

At present, there is no local inorganic fertilizer
manufacturing companies in Nigeria (Adeoti et al.,
2014). All the inorganic fertilizers being used in the
country are imported from various countries. According
to Adeoti et al. (2014), Nigeria consumed 94,400t of in
organic nitrogen fertilizers in 2002; 137,603 in 2003;
101,001 in 2004 and 115,041 in 2005; averaging
112,011t of inorganic nitrogen fertilizer consumed over
the period. At the field level, the mean fertilizer use in
Nigeria has been estimated at 13 kg/ha (Adeoti et al.,
2014). However, Gutser et al. (2005) assert that inorganic
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and organic fertilizers differ markedly with regard to
their transformation in soils and in the utilization of the
applied nutrients by plants. Following the suggestion of
Mahmoud et al. (2009) that organic nitrogen from bio-
manure can be used to replace around 25% of inorganic
nitrogen fertilizer without jeopardizing plant.

The average value of domestic livestock
population in Nigeria, is estimated at: Cattle
15,997,567; poultry (chickens) 155,630,670; goats
50,569,783; pigs 6,369,286 and sheep 32,158,042
(Adeoti et al., 2014). The data indicates a high
population of chicken in Nigeria similar to other
countries of the world (Sekar et al., 2010) and this
indicates a high potential for manure production from
chicken and other livestocks in Nigeria.

The overall objectives of this study was to model
temperature variation in a compost heap and understand
the composting process, ultimately to help managers
to obtain good quality compost as quickly as possible.
The specific objectives of this work were: (i) To
design and construct laboratory in-vessel type
compost system; (ii) measure temperature variation at
different depths in the compost heap (iii) create a
model that can be easily used for optimization of
composting temperature using conformal mapping
approach (iii) Determine the best fit for the model (iv)
Compare the result with results from Literature.

Materials and Methods

Description of Experimental Site

The experiment was carried out in the Department of
Civil Engineering Waste Management laboratory,
Faculty of Engineering, University of Nigeria Nsukka
(Latitude 06°25° North; Longitude 07°24° East and
altitude of 447.2 m.

Description of the Compost System

The compost heap used in the experiment is a
laboratory scale in vessel compost system prepared by
piling maize straw and poultry manure in open-ended
trapezoidal wooden vessel (Fig. 1). The total surface area
of the compost system is 4.05 m”. The Maize straw was
shredded in order to homogenize them and to enable
formation of compact mass during the composting. A
compact mass is necessary for development and
maintenance of temperature within the heap. After
shredding, the homogenous material was mixed with
poultry manure or droppings in the ratio of 3:1 (maize
straw to poultry droppings) which provided the nitrogen
source. Water was added to the substrate ina 1:1, w/w in
order to achieve a moisture content of approximately 50
to 60% in the initial substrate. This is the optimum level
of moisture required to initiate microbial activity in
compost heaps. The heap was covered with plastic sheet
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so as to prevent excessive moisture development in the
heap as rainfall is unpredictable in the region where the
experiment was carried out. The compost within the
vessel was assumed to remain static and was not turned
or changed during the simulation. The vessel was
passively-aerated, i.e., there is no forced aeration.
Instead, a wire-mesh was provided by the vertical sides
of the vessel that enabled air to flow through.

Even though the research objectives were specifically
on modeling temperature variation in the compost heap, the
initial composition of composting materials is also
important for better understanding of the system. Hence the
initial conditions were: Density (435 kg/m3), moisture
content (~60%), pH (7.54), volatile solid content (83.7%),
mass ratio (poultry manure: Maize straw was 1:1).

Temperature Measurement

The temperature of the compost system was
measured twice a day using thermocouple at various
depths to determine its variation with respect to depth.
Temperature measurements were taken along the vertical
axis with the top of the heap as the origin (Zero). This
therefore implies negative values for the vertical axis
down the heap from the top (Fig. 2). The atmospheric
temperature (7,,,) and temperature at the surface of the
heap (7;) was measured along side with temperature at
the various depths with temperature at 40cm depth
serving as the bottom temperature (7).

Development of the Model (Fig. 2)

We shall use the following definition of conformal
mapping.

Definition

The mapping w = f(z) is said to be conformal at point
zo if function f{z) is analytic at z, and f(zp) # 0O
(Agunwamba, 2007). Recall that a function f{z) is called
analytic at point z if it is differentiable at this point. Any
complex function W = f(z) serves the purpose of defining
the value of w = u + iv for a given value of the argument
z=x + iy. It may therefore be thought of as a mapping of
points of the z-plane into the corresponding points in the
w-plane. Therefore, using conformal mapping, the
empirical equation for predicting the temperature
variation determined to be:

T,-T
T =-2—=tan(
z

-2.53
v(11+K2)

v(I1+ k%)
10.125

)+, (1

Where:

T = Temperature at a depth in the Heap measured from
top or surface

T, = Temperature at the surface of the Heap or at the
top of the heap

T, = Temperature at the bottom of the Heap
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Fig. 2. The Z and W-plane; (a) Z-plane; (b) W-plane

The parameter v in equation] was determined to be:

—k, £ (k] +4aby’

2 2)

Vv =

In Which:
Where:

ook ks
kO kl

ky=(11+K%)/0.75:k =9k, =2+ Kk

Determination of Values for K and V

The value for & used in the developed model equation
[Equation 26] during prediction was heuristically
determined and it has an optimum value of 0.2.
Therefore £ = 0.2 was used throughout the prediction
process. The parameter V according to Equation 2 has
positive and negative values. Prediction of Temperature
using the developed model (Equation 1) was done using
both values of V and the Predictions were named
Predicted] and Predicted 2 respectively.

Statistical Analyses

The results were analyzed using a two tailed T-test
(p<0.05), Differences in Mean, Standard Deviation
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(StdDev.), Coefficient of Variability (C.V.%),
Coefficient of Determination (R”) and Graphs. Variables
more closely related among each other were looked for
and the regression model was created so as to
subsequently calculate the coefficient of determination
or the correlation between variables. However, if the
coefficient of determination R® or the correlation
coefficient R was low (less than 35%, Mendenhall,
1990), it was determined that the model was too ‘‘poor”
to make any prediction. All analysis and graphical
representation was done using Microsoft Office Excel
2007 Statistical Package.

Results and Discussion
Values of Parameters Used in the Prediction

As earlier on explained, the value for k used in the
prediction was heuristically determined to have an
optimum value of 0.2. The values obtained for &, K2, a
and b are 9, 2.04, 0.611413 and 0.051378 respectively.
The recorded atmospheric temperature during the
experiment ranges between 25-30°C. Vrtually all the
predicted temperature (7; and 7,) were observed to be
higher than the recorded atmospheric temperature at the
time of measurement. The measured Temperature at the
surface and bottom (7s and 7b) of the compost heap
were also found to be higher than the recorded
atmospheric temperature at the time measurement was
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taken. The surface temperature, 7s was generally found
to be lower than the bottom temperature, 7b. This is an
indication that heat was trapped within the mass which
insulated naturally by the bulk density of the substrate.
This effect is evident in all composting heaps as the
process itself is dependent almost entirely on the activity
of the indigenous micro-organisms in the substrate
which leads to this result.

Result of Temperature-Time Profile

The result of variation of both measured temperature
and predicted temperature with time is as shown in
Tables 1-5 and represented graphically in Fig. 3. The
result showed that the temperature of the mass
composted began to rise or rises extremely slowly after
the material was placed in the vessel. Among all
microorganisms, aerobic bacteria are the most important
initiators of decomposition and temperature increase
within the compost pile. Psychrophilic bacteria work in
the lowest temperature range and have an optimum
temperature lower than 5°C (40°F). It is obvious from Fig.
3 that the temperature was above 20°C so the condition of
the compost system was not conducive for Psychrophilic
bacteria. Mesophilic bacteria do best at temperatures
between 10° and 45°C (50° and 110°F). Thermophilic
bacteria are heat-loving and thrive above 50°C (120°F).
Each category includes many strains of bacteria. Figure 3
showed that the decomposition of the compost material
was dominated by the presence of mesophilic bacteria as
the measured temperature in the system ranged between
29 and 50°C. While high temperatures have the
advantage of killing pathogenic organisms and weed
seeds, moderate temperatures encourage the growth of
mesophilic bacteria, the most effective decomposers.
Since the system temperature was conducive for
mesophilic bacteria that were the reason why the
composting was achieved within a period of five days.
The material composted was not diseased and did not
contain seeds; there was no need to be concerned about
achieving high temperatures. Decomposers are killed or
become inactive if temperatures rise above 60°C
(140°F). The rise and fall of temperature during the
process as shown in Fig. 3 may be as a result of the
material composted, the composting method used and
the water available for evaporative cooling. The trend
of the graphs in Fig. 3 showed that the predicted 1 over
estimated the measured temperature while predicted 2
using showed similar trend with the measured temperature
values during the time of composting.

In comparing model performance to experimental
data, quantitative measures of performance may be
provided by differences in maximum, average and
peak temperatures, relative times to reach peak
temperatures, the relative areas beneath the curves and
a specified baseline and times for which specified
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temperatures are  maintained.  Profile  shape
characteristics may also be compared to typical curves
for a qualitative assessment. In the following analysis,
parameters used were the mean temperature, standard
deviation, coefficient of variation (C.V.%), two tailed
T-test (p<0.05), the times for which thermophilic
temperatures were equaled or exceeded (t40), the
times to reach peak temperatures, the goodness of fit
(R%) or Coefficient of Determination and the general
shape characteristics compared to those of a generic
profile. Summaries of the models performance on the
above bases are presented in Table 1-5. The
temperature-time profile of the model and measured
data is presented in Fig. 3. The goodness of fit plots
with trend line equations and R* values are presented
in Fig. 4-7. The four Polynomial functions (Equation
1-4) presented in appendix were generated and
considered as reasonable choice for fitting the Surface
Temperature (Ts) and Bottom Temperature (Ts) as a
function of the predicted temperature based on highest
R? value using the developed model.

Considering the polynomial equations (see
Appendix), predicted 2 has a stronger polynomial
relationship with Tg and Tg than predicted 1 as shown by
their R* values. Equation 4 has a high R? value of 0.688
while equation 2 has moderate R? values of 0.4226. This
shows that Equation 4 can be used to determine
temperature variation at the bottom of compost systems
to a high degree of accuracy. On the other hand
Equation 2 will give a moderate estimate of
temperature at the surface. Equation 1 and 3 has low R*
values of 0.165 and 0.379 respectively. The low R?
values signify a poor relationship; therefore equation 1
and 3 if used will give a poor estimate of temperature
variation in a compost system. However, Equation 3 can
be considered for meaningful prediction of bottom
temperature since its R” value is greater than 35%
(Mendenhall, 1990). Therefore, equation 2 and 4 are
considered best fit for the model data.

In terms of shape characteristics, the models (pred.1
and Pred.2) (Fig. 3) simulated the typical profile of the
works of Mohee et al. (1998; van Lier et al., 1994; Seki,
2000; Scholwin and Bidlingmaier, 2003) closely, although
this was not always well correlated with experimental data
(Table 1-5). The model like several other studies
(Kishimoto et al., 1987; Nakasaki ef al., 1987) due to the
short time frame precluded presentation of the overall
shape of the profile. The ability of models to predict
process temperatures to within a specified margin
through to the end of the thermophilic phase and to
closely simulate the magnitude and timing of peak
temperatures is important if models are to be used to
indicate process performance. Whilst acceptable margins
are open to debate, it was suggested (Mason, 2006) that
maximum, average and peak temperature discrepancies
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of 5, 2 and 2°C, respectively, with peak times predicted
to within about 8 h, would be appropriate for the
purposes of discussion. Based on these criteria, the
model was able to satisfy the conditions for
discrepancies in maximum temperature most of the time.

However the conditions for discrepancies in peak
temperature and time for peak temperature was rarely
met. According to Mason (2006) no models have shown
an acceptable predictive ability, although many have met
one or more of the goals.
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Fig. 3. Temperature-time profile of the compost system
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Table 1. Comparisons of Measured and predicted Temperature from 0-7 h 50 min
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g 10 - Poly. (Tb)
=

S

2

m

a: 0 h composting b: 0-7 h 50 min of composting

Statistics Predicted 1 (°C)  Predicted 2 (°C)  Measured (°C)  Predicted 1 (°C) Predicted 2 (°C)  Measured (°C)
Mean 32.06616510 28.761140 29.928570 31.29386530 25.533790 38.571430
Stdev 11.01035820 1.766178 0.838082 4.17560450 10.855860 2.699206
C.V.% 34.33637360 6.140848 2.800273 13.34320470 42.515640 6.997942
Ttest (p<0.05) 0.61782382 0.140098 0.00221755 0.009474

Table 2: Comparisons of measured and predicted temperature from 7 h 50 min-28 h 15 min

a: 7 h 50 min-22 h 35 min composting

b: 22 h 35 min-28 h 15 min of composting

Statistics Predicted 1 (°C)  Predicted2 (°C)  Measured (°C)  Predicted 1 (°C) Predicted2 (°C)  Measured (°C)
Mean 27.398164 28.55994 40.33333 27.5985226 30.02592 34.58333
Stdev 19.4417984 7.290908 5.609516 6.36401122 2.02698 1.35708
CV.% 70.9602232 25.52845 13.90789 23.059246 6.750769 3.924087
Ttest (p<0.05)  0.14845451 0.010601 0.02519165 0.001016
Table 3. Comparisons of measured and predicted temperature from 28 h 15 min-45 h

a: 28 h 15 min-37 h 35 min composting b: 37 h 35 min-45 h of composting
Statistics Predicted 1 (°C)  Predicted2 (°C)  Measured (°C)  Predicted 1 (°C) Predicted2 (°C)  Measured (°C)
Mean 97.6231925 25.29574 39.91667 104.974642 28.12673 43.16667
Stdev 193.817837 7.698444 4.07942 205.931452 8.179597 5.269409
CV.% 198.536672 30.43375 10.21984 196.172569 29.08123 12.20712
Ttest (p<0.05)  0.48264415 0.002108 0.47925329 0.003565
Table 4. Comparisons of measured and predicted temperature from 45-69 h 20 min

a: 45-61 h of composting b: 61-69 h 20 min of composting
Statistics Predicted 1 (°C)  Predicted2 (°C) = Measured (°C)  Predicted 1 (°C) Predicted2 (°C)  Measured (°C)
Mean 26.2914311 2434178 42.57143 28.9727759 26.79376 46.85714
Stdev 20.124268 11.00004 4.237025 22.491829 12.29417 5.45981
CV.% 76.5430682 45.18997 9.952743 77.6309078 45.88445 11.65203
Ttest (p<0.05)  0.0581173 0.001495 0.06349658 0.001941

Table 5: Comparisons of measured and predicted temperature from 69 h 20 min-93 h 50 min

a: 69 h 20 min-85 h 30 min of composting

b: 85 h 30 min-93 h 50 min of composting

Statistics Predicted 1 (°C)  Predicted2 (°C) Measured (°C) Predicted 1 (°C) Predicedt2 (°C)  Measured (°C)
Mean 27.1435352 45.49893 4491667 32.1863585 49.62398 48.58333
Stdev 7.12921324 38.35472 4.294376 6.77275258 36.43699 5.004165
C.V.% 26.2648663 84.29808 9.560763 21.0423077 73.42616 10.30017
Ttest (p<0.05) 0.0003838 0.971248 0.00075753 0.946111
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Results of Statistical and Graphical Comparisons
of Measured and Predicted Temperature

The discrepancies between the mean temperatures
from the beginning to 7 h 50 min of composting were
within acceptable limit (Mason, 2006). The model data
at this time were in close agreement with the measured
data. The standard deviation of these mean temperatures
showed that model data predicted 2 were closer to the
experimental result at the beginning of composting while
model data predict 1 was in a closer agreement after 7 h
50 min (Table la-1b). The Coefficient of Variability
(C.V.%) of the mean temperatures for predictland
Predicted 2 at the beginning of experiment were 34.33%
and 6.14% respectively. It showed that 2 gave more
accurate estimation of the measured temperature. After
7 h 50 min, the C.V.% of Predicted 1 was found to be
lower than that of predicted 2, this further confirmed
that predict 1 gave a more accurate estimate of the
measured temperature as already explained using the
standard deviation result (Table 1b). A two tailed T-test
at 5% significant level used to compare the mean
temperature of the models data and the experimental
data at the beginning of the composting indicated
significant differences between the models data and
experimental data (Table la). However, the results
showed that there were no significance differences in
the means after 7 h 50 min of composting (Table 1b).
Therefore; the models estimated the measured
temperature accurately within this period.

Between 7 h 50 min and 22 h 35 min of composting,
the standard deviation of the models data showed that
predicted 2 gave a more accurate estimate of the
measured data than predictl. When compared, the C.V.
% of predicted 2 was found to have a lower value than
predict indicating also that predict 2 gave a more
accurate estimate of the measured data (Table 2a). The
T-test result (Table 2a) showed a significant difference
between the mean temperatures of predicted 1 and the
measured data. However, the T-test result indicated that
there was no significant difference between the
measured data and predicted 2. The T-test result (Table
2b) showed that both predicted 1 and predicted 2 gave
accurate estimate of the measured data between 22 h 35
min and 28 h 15 min period of composting. Based on
the standard deviation and C.V. % results (Table 2b),
predict 2 gave a more accurate estimate of the
measured data than predicted 1.

Moreover, between 28 h 15 min and 45 h of
composting, the statistical analysis results (Table 3a-b)
showed that only predicted 2 estimated the measured
data accurately.

From the statistical analysis result presented in Table
4a for the period of composting between 4 and 61 h, the
T-test showed that both predicted 1 and predicted 2 gave
accurate estimates of the measured temperature (p<0.05)
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while the standard deviation and C.V.% results showed
that predicted 2 gave more accurate estimate. However,
between 61 and 69 h 20 min of composting, only
predicted 2 gave accurate estimate of the measured data
(p<0.05) (Table 4b).

Finally, between 69 h 20 min and 93 h 50 min of
composting, the results (Table 5a-b) indicated only
predicted 1 gave accurate estimate of the measured
temperature. From the ongoing discussions, it is clear
that the developed model using conformal mapping
approach generally gave accurate estimates of the
measured temperature at various depths within the
compost system used in the experiment for the two
scenarios predicted 1 and predicted 2. However, it is
evident from the statistical analysis and graphical
representation of the trends that predicted 2 generally
gave a more accurate prediction of the measured
temperature during the composting period. As explained
earlier, predict 2 was computed using the negative values
of v at the w-plane which is a true representation of the
measured depth y within the compost system taking zero
origin at the surface of the compost heap. That may be
the reason why predicted 2, gave a more accurate
estimate of the measured temperature.

Conclusion

Laboratory in Vessel trapezoidal compost system was
designed and constructed. Temperature variation in the
compost heap was measured for five days at various
depths. Mathematical model for the variation of
temperature of the composting process were developed.
Unlike previously developed models which are based on
solution of heat and mass balances, deterministic
approach and stochastic approach the model was based
on conformal mapping.

The parameter V in the developed model has two
distinct roots, one a positive root and the other
negative root. Prediction of Temperature using the
developed model was done using both the positive and
negative root of V. The prediction using positive root
was named predicted 1 while that using negative root
was named predicted 2.

Four Polynomial functions were generated and
considered as reasonable choice for fitting the Measured
Mean Temperature (M), Surface Temperature (Ts) and
Bottom Temperature (Tb) as a function of the predicted
temperature, predicted 1 and predicted 2 using the
developed model. Predicted 1 showed a polynomial
relationship with Ts and Tb. The R* values of these
relationships with Ts and Tb are 0.165 and 0.379
respectively. These R® values are judged low and
indicates a poor estimate of temperature variation in
compost heap if used with the model predicted result.

Predicted 2 also showed a polynomial relationship
with Ts and Tb. The R? values of these relationships with



Jonah Chukwuemeka Agunwamba and Oji Achuka Nwoke / American Journal of Environmental Sciences 2016, 12 (3): 237.247

DOI: 10.3844/ajessp.2016.237.247

Ts and Tb are 0.4226 and 0.688 respectively. The R
value of 0.688 is high while 0.4226 is moderate. This
shows that the polynomial function with high R? value of
0.688 can be used to determine the temperature variation
at the bottom of compost heap to a high degree of
accuracy. Moreover, the polynomials function with R*
values of 0.4226 and can moderately estimate the surface
temperature of a compost heap during composting.
Therefore, we conclude that polynomial functions with
R? values of 0.4226 and 0.688 are best fit for the
developed model in terms of determining Ts and Tb.

In terms of shape characteristics, the model
(predicted] and Predicted 2) simulated the typical
temperature-time profile of the works of Mohee et al.
(1998; van Lier et al., 1994; Seki, 2000; Scholwin and
Bidlingmaier, 2003) closely, although this was not
always well correlated with experimental data. The
model like several other studies (Kishimoto ef al.,
1987; Nakasaki et al., 1987) due to the short time frame
precluded presentation of the overall shape of the profile.

Although the acceptable margins suggested by
Mason (2006) for discrepancies in the maximum,
average and peak temperature, with peak times predicted
to within about 8 h for predictive ability was not fully
met by the model, the statistical analysis suggested that
the models predict 1 and predict 2 generally gave
accurate estimates of the measured temperature (p<0.05).
Moreover, it further suggested that predicted 2 gave a
more accurate estimate than predicted 1 (p<0.05).

The result showed that the temperature of the mass
composted began to rise or rises extremely slowly after
the material was placed in the vessel. The measured
surface temperature, Ts was generally found to be lower
than the measured bottom temperature, Tg. The results
showed that the decomposition of the compost material
used was dominated by the presence of mesophilic
bacteria as the measured temperature in the system
ranged between 29 and 50°C.

Further work is suggested to investigate model
performance over thermophilic composting time periods,
provide further model sensitivity information and
incorporate natural ventilation aeration expressions into
the composting process models using conformal
mapping approach. We also suggest a detailed
physicochemical analysis of the compost material at each
time of temperature measurement.
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Appendix: Polynomial Equations

T, =-0.000P° +0.044R° — 4.655R" )
+255.0R% +1257P, —83713;R* =0.165

T, =0.0003P’ —0.0587P + 4.8094P; @
—194.86P +3901.3P, R*> = 0.4226

T,_3.143P’ —477.07P +28929P, 3)
—87631P7 +1E +07P, —8E +07,R> = 0.379

T, =0.096P° +15.53P' —993.2P) @)

+31641P7 —=50232P, +3E +06;R* = 0.688

Where:
M Mean measured temperature

Ts = Surface temperature
Ty = Bottom temperature
P, = Predicted temperature 1
P, = Predicted temperature 2



