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ABSTRACT 
Biowaste (B) is the predominant fraction of municipal solid waste (MSW) in developing countries and 
composting is one of the most widely used technologies for the use of biowaste. Several interrelated 
factors affect the efficiency of the bioconversion of the substrate influencing the development of the 
composting process and therefore, the quality of the final product. Simulations through Artificial Neural 
Networks-ANN allows to determine the influence of these factors and to make predictions that improve 
the process and the quality of the final product which providing the definition of real criteria for the 
implementation of the technology. This study shows the feasibility of simulating, with feedforward 
ANN, the composting process at a pilot scale by mixing with biowaste, Filter cake (FC) and star grass 
(SG). Experiments were carried out with a Box-Bemkhen design, simultaneously evaluating factors 
such as the mixing ratio (MR) of B:FC:SG (60:20:20, 70: 10: 20 and 65:15:20) and turning frequency 
(TF) (1, 2 and 3 days were experimented) on variables such as temperature, pH, oxidizable organic 
carbon and total nitrogen which also allowed to get heuristic models based on ANN. It was found that 
the MR and TF affect both the process and the quality of the product, presenting the best result at the 
ratio of 65:25:10 with TF of 2 times per week which is supported by the ANN prediction with an R2 ≥ 
0.85 according to the experimental data. 
Keywords:  simulation, co-composting, neuronal network, filter cake, biowaste, star grass. 

1  INTRODUCTION 
Biowaste in developing countries corresponds to the predominant fraction of municipal solid 
waste (MSW) [1], [2], characterized by a heterogeneous physical composition, high 
humidity, presence of salts, and deficiency organic carbon and nutrients as phosphorus  
[3], [4]. 
     Traditionally, the biowaste final disposal has predominated as a management strategy in 
developing countries, particularly in Latin America and the Caribbean [5]. However, this 
method is questioned due to the associated with environmental impacts such as greenhouse 
gases (GHGs) and leachates generation [6]–[8]. One of the most application alternative for 
biowaste approach is the composting process, technology of low cost of investment, simple 
operation and with which obtained a product of added value, whose physicochemical and 
biological properties contribute to improve the availability of organic matter and nutrients in 
the soil [9]. 
     In spite of the extensive research that has been carried out around the composting process 
for the control of environmental contamination and for obtaining a quality product, Onwosi 
et al. [10]; Cerda et al. [11] and Soto-Paz et al. [12] explain that it is still necessary to carry 
out investigative efforts to analyze operational factors and deepen a better understanding of 
the biochemical phenomena of the process. Several researchers have reported that operational 
factors such as the mixture ratio (MR) between a substrate and a co-substrate and the turning 
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frequency (TF) influence the composting process and product quality. These factors 
contribute to solve biowaste physicochemical limitations by improving the aeration piles 
conditions, the substrate degradation rate and increase the nutrients content in the final 
product. 
     The use of amendment materials (AM) and bulking agents (BA) has been widely 
documented in biowaste composting. Filter cake (FC), which is by-product of the sugar cane 
industry with a high content of organic matter, phosphorus and moderate content of trace 
elements (Ca, Mg, Fe) has been used as AM for cane bagasse composting [13]. The star grass 
(SG), is a BA that provides fibre, carbon, regulates excess moisture, improve structure and 
aeration [14]. These materials can be mixed together with biowaste, for which it is crucial to 
find the region of MR where the benefit is maximized. 
     In manually operated composting facilities, the TF is the main aeration mechanism in the 
piles. Several authors have reported TF variations from six turning per week to one every 
two weeks [15]–[17]; however, others [18]–[20] emphasize that the process is benefited with 
TF between one and three turnings per week. In spite of this, the majority of research around 
the MR or TF only considers the incidence of a single factor on the process. Onwosi et al. 
[10] have pointed out that when a single study factor is involved, the reliability of results may 
not achieve a representation of reality due to the dynamics and complexity of the process, so 
they have suggested to study these factors together; this aspect was also observed by Kumar 
et al. [18] and Iqbal et al. [19]. 
     Thus, the growing interest in the simultaneous study of two or more factors and their 
incidence on a response parameter has motived the construction of mathematical models from 
experimentation that allows making inferences about initial unintended conditions. Artificial 
Neural Networks (ANN) is a tool that identifies the dynamic relationships between factors 
[20], [21] and offers the advantages of identifying experimental failures and obtaining 
predictive models; all these aspects would improve the process and the final product quality 
in biowaste composting. 
     The aim this work is evaluate the effects of MR B:FC:SG and TF simultaneously through 
ANN as a computational model of biowaste composting, which have been preliminarily used 
in the composting of other types of substrates. 
 

2  METHODOLOGY 

2.1  Physicochemical characterization of the substrate and amendment material  
and bulking agents 

A pilot-scale experiment was developed at the municipality of the department of Versalles-
Valle del Cauca, Colombia, where the separation of the source and the selective collection of 
biowaste are practiced. A representative sample (2 kg each) was taken from each substrate 
(i.e. Biowaste, FC and ST). For this, the random quartering technique described by Sakurai 
[22] was followed. FC is extracted from the processing of sugarcane in a rural area sugar mill 
of this municipality. SG was obtained from the surrounding green areas of the composting 
facility. Samples were taken to the laboratory to perform analysis of: moisture, pH, total 
organic carbon (TOC), total nitrogen (TN), total phosphorous (TP) and total potassium (TK). 
Analyses were performed using standard methods [23] and Colombian technical norm [24]. 
Table 1 shows the physicochemical characterization of the substrates. 
 
 

226  Waste Management and the Environment IX

 
 www.witpress.com, ISSN 1743-3541 (on-line) 
WIT Transactions on Ecology and the Environment, Vol 231, © 2019 WIT Press



Table 1:  Physicochemical characteristics of the substrate and co-substrates. 

Parameters Method/technique Biowaste FC SG 
Moisture (%) Gravimetric 77.26 ± 2.60 65.50 ± 2.14 78.35 ± 9.87 
pH (uni) Potentiometric 5.54 ± 0.34 5.37 ± 0.22 7.52 ± 0.48 
TOC (%) Spectrophotometric 31 ± 2.5 48.59 ± 3.38 37.84 ± 5.81 
TN (%) Titrimetric Kjeldahl 1.45 ± 0.13 1.60 ± 0.76 1.64 ± 0.68 
TP  Spectrophotometric 0.35 ±0.19 0.97 ± 0.07 0.38 ± 0.17 
TK (%) Atomic absorption 1.84 ± 0.15 0.15 ± 0.01 ± 0.11 

Table 2:  Factors and treatments considered in the Box Behnken. 

Treatment 
[X1, X2] 

Factors Parameters 

*MR TF 
Moisture 

(%)
pH (Unid) VS (%) TOC (%) TN (%) 

1 [-1   -1] 65:15:20 1 76.11 ± 0.45 5.98 ±0.47 73.32 ± 0.11 31.36 ± 8.93 1.64 ± 0.38 
2 [-1   0] 65:15:20 2 75.38 ± 1.72 5.94 ±1.03 75.92 ± 0.38 33.62 ± 1.98 1.32 ± 0.71 
3 [-1   1] 65:15:20 3 73.50 ± 1.18 6.14 ±0.88 78.47 ± 0.38 31.17 ± 3.67 1.51 ± 0.36 
4 [0   -1] 60:20:20 1 71.94 ± 0.68 6.26 ± 0.46 77.73 ± 0.21 37.16 ± 4.10 1.66 ± 0.22 
5 [0   0] 60:20:20 2 71.11 ± 0.45 6.19 ±0.12 73.15 ± 0.44 34.64 ± 5.81 1.55 ± 0.36 
6 [0   1] 60:20:20 3 72.14 ± 1.16 6.28 ± 0.35 80.47 ± 0.87 38.74 ± 2.58 1.55 ± 0.15 
7 [1   -1] 70:10:20 1 68.99 ± 1.38 6.33 ± 0.37 78.68 ± 0.33 40.92 ± 2.38 1.54 ± 0.27 
8 [1   0] 70:10:20 2 69.71 ± 0.66 6.45 ± 1.32 81.18± 0.48 45.35 ± 6.23 1.62 ± 0.13 

9 [1   1] 70:10:20 3 69.84 ± 0.98 6.57 ± 0.64 79.47 ± 0.81 43.54 ± 2.90 1.58 ± 0.10 

2.2  Composting process: unit and experimental design 

The experimental unit-UE corresponds to composting piles of 150 kg. The experimentation 
area has a roof and a level surface made of concrete. An experimental design type Box 
Behnken was applied to evaluate the simultaneous influence of two experimental factors: 
MR and TF; each factor had three study levels defined according to the specialized literature 
[11], [25]. Two criteria were considered to define the mixtures: (i) biowaste should be the 
predominant substrate; and (ii) C/N ratio should be higher than 15 (i.e. mixtures were 
established using mass balances based on theoretical values for the substrates). Additionally, 
one, two and three days TF were evaluated [13], [18], [26]. The control treatment 
corresponding to a single biowaste pile and the TF applied varied according to the 
temperature changes [26]. All treatments were run in duplicates (two piles per treatment). 
Table 2 presents the levels and coding of the experimental design. 
     Based on the treatments of the experiment, the process was monitored in terms of response 
parameters such as temperature, pH TOC and TN. The measurement of these parameters was 
made every two days during the active phase of the process and during the cooling and 
maturation phase once a week. Two-way analysis of variance (ANOVA) was applied for 
significance determination for the entire composting matrix of the ten runs. For all analyses, 
the findings are considered for p ⩽ 0.05 significance. 

2.3  Architecture of Neuronal Computational Model applicable to each response variable 

We chose a Multilayer Perceptron Artificial Neural Network architecture (MLP) feed-
forward with Bayesian regularization for its ability to successfully solve nonlinear dynamic 
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problems through its supervised training [27]. The topology of the ANN corresponds to three 
(3) neurons in the input layer corresponding to the process time (PT), TF and MR and one 
(1) neuron in the output layer that corresponds to a response parameter (i.e. temperature, pH, 
TOC and TN). The number of neurons in the hidden layer was determined by analyzing their 
predictability against the response parameters using as a performance metric the sum of the 
square errors (SSE), as shown in the eqn (1). The activation functions applied to the neurons 
of the hidden layer and the output layer were, sigmoidal and linear, respectively according to 
Wang and Wan [28] 

𝑆𝑆𝐸 ൌ ∑ ൫𝑌௞௝ െ 𝑌෠௞௝൯
ଶ

,௡
௝ୀଵ                                                  (1) 

where Ykj is the experimental data obtained from the kth response parameter at the instant jth; 
Ykj is the corresponding value estimated by the ANN under the same conditions and n 
represents the number of experimental data. With the experimental data, a general adaptive 
neuronal model was generated to describe the behavior of the different response parameters. 
To validate the models as a function of each response parameter, the mean square error (𝑅ଶ) 
were used. 

2.4  Simulation of the composting process with ANN 

The neuronal model for each response variable was applied to get a non-linear adaptive 
interpolation, which allowed to make predictions over time on mixing proportions not 
considered in the experimental design and making inferences about the product quality. 

3  RESULTS AND DISCUSSION 

3.1  Architecture of the ANN and Neuronal Model applicable to each variable response 

Fig. 1 presents the results obtained from the evaluation of different ANN responses over 50 
runs per topology. It is observed that the ANN with six (6) neurons in the hidden layer 
presents a better performance with the lower values of SSE between 0.21–0.55 and MSE 
values between 0.019–0.05, so the ANN shows potential to describe the evolution of the 
composting process of biowaste mixed with FC and SG. 
     Eqn (2) shows the general adaptive neuronal model that describes the evolution of 
composting process in function of a response parameter [28], [29]. Table 3 presents specific 
neuronal models for each response variable. Applying these models, it is possible to obtain 
the time value of a response variable for different experimental conditions (i.e. TF and MR). 

𝑆𝑌෠௞௝ ൌ 𝑊௒ೖ
௢ ⋅ Ϝ௔௖௧

ு ൫W௒ೖ
ு ⋅ 𝑋௝ ൅ 𝜃௒ೖ

ு ൯ ൅ 𝜃௒ೖ
௢ , (2)

where, 
𝑌෠௞௝ represents the response parameter to a stimulus of the input pattern Xj;

𝑊௒ೖ
௢  represents the matrix of the synaptic weights of the output layer of the ANN; 

Ϝ௔௖௧
ு ሺ𝑧ሻ is the sigmoidal tangent activation function represented as: Ϝ௔௖௧

ு ሺ𝑧ሻ ൌ
ଵି௘ష೥

ଵା௘ష೥; 

W௒ೖ
ு  represents the matrix of the synaptic weights of the hidden layer of the ANN; 

𝑋௝ is the jth pattern of the input vector such that: 𝑋௝ ൌ ሾ𝑇𝑃௝ 𝐹𝑉௝ 𝑃𝑀௝ሿ்; 
𝜃௒ೖ

ு  represents the bias of the neurons of the hidden layer;
𝜃௒ೖ

௢  represents the bias of the neurons in the output layer.
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Figure 1:  Topologies used for the best ANN selection. 

3.2  Simulation of the composting process with ANN 

Fig. 2 presents the simulations performed with the neural models for the three levels of MR 
evaluated corresponding to a TF. The duration of process varied according to the TF and the 
MR. At higher TF (i.e. three turning/week) the duration of the process was reduced by 10 
days compared to treatments with lower TF (i.e. one turning/week) and in 6 days compared 
to a TF of two turning/week. Regarding MR, it was observed that MR between 22 and 28% 
stimulate biological activity and reduce the duration of process. This revealed that TF and 
MR have an interactive effect on the duration of process due to aeration conditions and 
nutrient balance [30]. Fig. 2(a)–(c) shows the temperature profiles with the four sequential 
phases of process for different simulation conditions, showing interaction between the MR 
and TF (p ⩽ 0.03). It is highlighted that all the treatments reached hygienic conditions 
because of fact that temperatures higher than 55°C was achieved for more than four 
consecutive days [25]. It is observed that increasing the volts allows to reach high 
temperatures (range of 55 and 67°C) sustained between 12 and 16 days of process. The 
highest temperature is observed with the highest TF (i.e. three turning/week), reaching 67°C 
in 6 days. Under this condition, MR between 23 and 27% allow temperatures of thermophile 
range of greater prolongation with respect to MR between 10 and 22%. A similar situation 
was observed in TF of two turning/week with MR between 23 and 26%, reaching 
temperatures of higher order than 54°C. With the lowest TF (i.e. one turning/week), the 
temperature profiles was lower than those found under other conditions, denoting that a low 
applied TF compacted the piles contributing to limit the biological activity, reducing the 
generation of heat [31], [32]; However, if the MR (i.e. higher than 15%) is increased, the 
porosity of the pile could also increase and influence so that the temperature may be higher. 
This observation has been reported by Ogunwande et al. [30] that indicate that increasing the 
TF and a C/N ratio greater than 20 and less than 30 positively influence the development of 
the process, reflected in higher temperatures reached due to greater activity biological. 
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Table 3:   Parameters of the neuronal model  ቄ𝑊௒ೖ
௢ ⋅

ଵି௘ష೥

ଵା௘ష೥ ൫𝑊௒ೖ
ு ⋅ 𝑃𝑇 𝑇𝐹𝑉௝ 𝑀𝑅௝ ൅

𝜃௒ೖ
ு ൯ ൅ 𝜃௒ೖ

௢ ቅ. 

 

  
Temperature 
9.8851 -0.5579 1.5088 10.6797 2.8021
-4.7406 -31.946 3.2827 -2.4536 -0.1588
-2.2772 0.6112 -0.3533 -1.0841 0.4329 -0.6465 
8.5043 -0.3452 0.7796 9.0132 -6.1053
1.6248 0.598 -0.4982 0.9308 -0.7063
12.4006 -0.1827 0.3739 12.6178 3.9966
pH 
1.7323 -1.6444 -0.2358 -0.2851 0.2511
0.4129 1.2312 -0.0959 -0.2281 0.3317
-5.192 -0.1314 0.5328 -1.9189 0.2605 -0.6207 
-1.1236 1.2454 0.3318 0.9498 -0.3007
-6.1383 0.1025 -0.0209 -5.3933 -3.5207
8.1248 -0.1789 -0.0026 6.6728 -2.1989
TOC
0.2856 -0.9031 -0.7619 0.4061 0.3093
-0.1238 -0.9962 -0.3528 0.1748 -0.313
-1.8079 -1.122 0.6971 -0.1755 0.1473 0.6576 
3.2042 -0.0026 -0.171 3.5931 -1.5342
0.9589 -0.18 0.7238 0.7341 0.7413
-1.4979 0.0962 -0.6062 -0.4578 0.6643
TN 
-0.552 1.9088 0.2041 -0.7315 -1.4466
2.6908 -0.0292 0.0877 1.6279 1.0323
-0.3078 -1.1584 -1.1069 0.4942 -1.7698 0.8183 
1.7115 0.121 0.0818 1.9145 -1.1649
0.7781 -0.8493 -1.006 0.037 0.9977
-0.8188 0.5257 2.1413 -0.6206 12.786

 
     In relation to the pH, it was found that both the TF and the MR present interaction and 
influence the behavior of the pH (p ⩽ 0.05). The initial values of this parameter was slightly 
acidic (i.e. between 6.12 and 6.53 units); all the conditions simulated from day 3, values 
higher than 7.5 units was presented, and on day 7 they reached 8.3 units (Fig. 2(d)–(f)). 
Kalemelawa et al. [33] indicate that the pH increases to alkaline values mainly in the active 
phase of the process due to the decomposition of organic matter (OM), volatilization of NH3 
and possible formation of KOH by the content of potassium in biowaste. The increase in pH 
values was also reported by Bryndum et al. [13] in the composting of poultry manure with 
filter cake. At the end of the process, values between 7.53 and 9.0 units was found. With MR 
between 23 and 27% in TF two and three turning/week, pH values between 7.5 and 8.1 
promoted by more frequent flips were obtained. This was possibly due to the release of H+ 
ions product of the nitration process [34], [35]. The most alkaline pH values was obtained 
with the FV1 (one turning/week), showing that the pH is sensitive to the changes of aeration 
in the process [30]. 
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     The variation of TOC (Fig. 2(g)–(i)) indicates the relative decrease of content of these 
parameter during the composting process. Consistent with the temperature profiles, the 
highest degradation of TOC during the active phase of process was with the highest TF; 
which agrees with the results of studies previously reported [36]. This is associated with a 
greater availability of oxygen product of the applied turning and of exposure of fresh material 
to biodegrade by microorganisms [26], [31]. It was observed that TF of two turning/week 
positively influences the degradation and is greater than that observed with TF of one 
turning/week. 
     The highest percentage of degradation (55%) was achieved for a 28% MR in TF of three 
turning/week, followed by a MR of 26% in TF of two turning/week (47%) and 29% in TF of 
one turning/week (41%). A similar behavior in OM was also observed by Tiquia [16]. A 
despite, regions in TF3 with MR between 27 and 29 and TF between 24 and 26 are presented 
where the degradation curves are more pronounced with respect to PM between 25 and 29 in 
TF one turning/week; this shows correspondence to what was indicated by Oviedo Ocana et 
al. [26]. In the case of the highest MR (30), the higher carbon content seems to promote OM 
losses throughout composting. 
     The lowest TOC content was observed for MR lower than 15%, possibly because of the 
emission of CO2 (Fig. 2(g)–(i)). Less significant changes were observed in the degradation 
of TOC after 50 days of processing; for all MR, MO losses tended to stabilize at the end of 
the composting process that could be attributed to the consumption of slowly biodegradable 
compounds such as lignin and hemicellulose. The lowest values of TOC at the end of the 
process corresponded to MR between 10 and 15% for TF of one turning/week (<14%), which 
is associated with low C/N ratios promote greater carbon losses [37]. In contrast, the content 
of TOC was higher in PM between 18 and 24% for a TF of two turning/week (≥20%). 
However, the TOC values obtained from the simulation are higher compared to those 
reported in previous studies by other researchers. This can be associated that both the star 
grass and the filter cake provide a high MO content and contribute organic compounds such 
as cellulose, hemicellulose and lignin [13], [26]. 
     Fig. 2(j)–(l) show the changes in the TN for the TF and MR considered. The highest TN 
losses (12–16%) was observed in TF of one and three turning/week with MR between 10 and 
20% compared to TF of two turning/week with MR greater than 13% during the first 22 days 
of the process. This fact could be explained considering that an insufficient supply of air to 
the microorganisms by compaction of the pile (TF one turning/week), promotes the 
volatilization of NH3 and H2S. In contrast, the increase in the frequency of aeration (TF three 
turning/week) generally influences the volatilization of NH3 as reported by several 
researchers [13], [38]. Consequently, TF had a significant effect (p ⩽ 0.05) on nitrogen 
behavior over time. It was observed that MR of the order of 10 and 14% for TF of one turning 
peer week, presented the highest loss of TN (16%), followed by MR between 26 and 29% in 
TF of three turning/week (14%), while treatments with MR between 23 and 25% in TF of 
two turning/week had the lowest (11%). During the cooling phase (> 45 days), it was 
observed that TN content begins to increase in all treatments. MR between 25 and 30% had 
the highest concentration of nitrogen at the end of the process (> 2%) compared to other 
operational conditions. This is associated with the mineralization effect of MO [13]. 
     The results found with the simulation of the process reveal that in the content of TOC, TN 
and pH, the product with TF of two turning/week and MR between 22 and 28% has potential 
to be used as a soil improver in agriculture and that meets quality standards (Australian 
Standard, Guideline of The Fertilizer Order 1985; NCh2880). 
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4  PCONCLUSIONS  
In this research, the mathematical models obtained with the neural networks were effective 
in predicting the behavior of the parameters of interest in the biowaste composting process 
with FC and SG. In addition, the modeling approach of neural network can be further applied 
in other studies of dynamic systems modeling because it is generalized in a straightforward 
manner to almost any scenario. However, this methodology must be validated in other 
contexts. 
     The thermophile stage is the stage in which the highest rates of degradation of the substrate 
and co-substrates occur, due to the influence of temperature on the kinetics of the process. In 
addition, it was found that the process is affected dynamically and significantly by the factors 
considered (TF and MR). 
     In this research it was evidenced that the composting process under different mixing ratios 
and different turning frequencies (TF) affects the quality of final product, being the MR 
60:20:20 and 65:15:20, with TF of two turning/week and an approximate operating time of 
75 days, the conditions that allow obtaining a final product of acceptable physical-chemical 
quality according to different national and international quality standards; However, the need 
to carry out optimization studies where several response parameters are considered to find 
the best region that maximizes the quality of the product from the agricultural perspective is 
highlighted. 

5  FUTURE DEVELOPMENTS 
The future development is in the optimization of the process and quality of the product 
combining ANN and metaheuristic methods as particle swarm optimization (PSO). This will 
allow co-composting to be considered as a non-linear multidimensional problem, where the 
aim is to maximize the quality of the product in a shorter process time. 
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