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Abstract

Arsenic concentration is one of the most critical concerns in compost
production. Measuring arsenic concentration is time consuming and
expensive process for compost companies. Also, compost factories need
to test the arsenic concentration in their product continuously.
Developing a practical model can help compost factory managers to
make a faster decision with minimum cost. This study has been designed
to predict arsenic concentration in compost, based on input materials and
outside temperature, using an Artificial Neural Network model (ANN) in
Christchurch, New Zealand. After investigating several ANN model
structures a modular ANN model was selected with minimum error
margin. The final ANN model developed was based on monthly input of
kerbside collections, food wastes, river wastes, and average monthly air
temperature for the last eight years. Comparing observed and predicted
data indicated that the ANN model could predict arsenic concentration
in different conditions, which is accounted for 94% of the variance for
training and 97% of the variance for validation data. However, it should
be mentioned each model would be unique best on inputs and weather
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condition in each city or factory.
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1. Background

Arsenic is one of the important chemical element in
nature, which can occur naturally, or after pollution from
human activities[1, 2]. Typically, arsenic is found in a
different source, such as nature combined with chlorine,
Sulphur, and oxygen, trace quantities from the breakdown
of living components, geological creation, and ores
containing silver, nickel, gold, cobalt, and antimony [3].
Also, arsenic can be found in food and beverages,
groundwater, and soil. Organic arsenic, for example, is
mixed with hydrogen and carbon; while inorganic arsenic
is mixed with iron, sulfur, and oxygen [2, 4-6]. The
inorganic form of arsenic has a significant level of hazard
compared with the organic form [5, 7-10].

Arsenic contamination has a significant effect on
human health [5, 11]. It is found that arsenic causes some
types of cancers [12-16] and also other severe neuro-
behavioral and neuropathic disease [17], memory and
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intellectual function [18, 19], reproductive effects [20],
steatosis (fatty liver) [21, 22], the hormonal system,
diabetes mellitus type 2 [23, 24] as well as serious
diseases, such as cardiovascular disease [25, 26],
ischemic heart diseases [27], carotid atherosclerosis [28],
and respiratory system diseases [29, 30].

In New Zealand, inorganic arsenic mostly is
registered to be used in timber preservatives [1]. Copper-
Chrome-Arsenic (CCA) is the most common wood
preservatives in New Zealand. They are a combination of
different elements; arsenic oxides or salts, copper, and
chromium and are mainly used in the vacuum-pressure
treatment of timber, which is sold to the general public
and commercial consumers. CCA is mainly used to
protect the timber from pests and fungi [31]. CCA
treatment was created in 1933 and became the most
extensively used waterborne preservative globally by the
1960s. [31]. CCA is identified as potentially being
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hazardous, and it is not allowed to be used in many
countries [32, 33]. In New Zealand, CCA preservatives
are permitted to be practiced in some hazard classes (H1-
H6) in which timber falls under risk of biodegradation.
The arsenic portion in treated timber for residential
purposes is 0.11-0.22 [31].

ANN models have been developed in many projects
for studying the links among dependent and independent
input variables [34-38]. Neural networks can discover an
association between the dependent (input) and
independent (output) variables, as well as the controlled
and uncontrolled factors [38, 39]. To develop a practical
ANN model, the accuracy of the information and the
sample size are vital matters. ANN models can be
described as the mathematical equations to categorize or
predict information in different conditions. Therefore, it
can play a significant role in mimicking nonlinear
connections [40, 41].

2. Model

The high concentration of arsenic of compost in winters
would be because of the constant arsenic inputs, which
were diluted in summer or because of specific
contaminated inputs in winter or both. Therefore, the
correlation between arsenic concentration and the air
temperature was expected. Thus, the average monthly
temperature is investigated and

The most common and basic ANN structure is the
feed-forward multi-layered perception (MLP) paradigm,
which is used in modeling or describing how ANN
models are working. The MLP paradigm consists of the
independent (input) data, few hidden layers, and an
output layer [42-45]. The weighted input variables of
each hidden layer, use a transfer function to calculate the
output of the hidden layer. Logistic, sine, linear,
Gaussian, and hyperbolic-tangent are the most frequently
used transfer functions. The calculated results of each
layer are sent to the next layer through weighted
networks. The transfer functions of the neurons in the
hidden layers are used to process the the input data. The
predicted output is the final results associated with the
last layer [35, 37, 46]. During model training, the weights
and biases are optimized to reduce error margin.

The main inputs in compost production can be
categorized into four categories: kerbsides, green wastes,
food wastes, and river wastes. In the compost production
process, a significant volume of water is consumed as
well. Therefore, arsenic concentration in the main inputs
and water were investigated as well. The monthly data of
the mentioned inputs and air temperature for the last eight
years were used to develop an ANN model. There was a
significant correlation between kerbside collections and
green wastes. Therefore, green wastes were removed
from the list of input variables. The final ANN model
developed based on monthly data for the last eight years
(96 months) of four input variables, including kerbside
collections, food wastes, river wastes, and average air
temperature. Based on data availability the sample size
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was 96 months. Initially, a sample of 86 months and 11
months selected randomly for training and validation,
respectively. The validation data are used to make sure
the final model can work in different conditions. It was
preferred to develop the model based on weekly data;
however, because of the lack of availability of weekly
data, the model was developed based on monthly data. To
improve the accuracy of model output, the error between
the predicted and observed data should be reduced by
adjusting the weights in each layer. The mean square
error (MSE) is the most common method to calculates
the error of ANN prediction models with one dependent
variable (output neuron), it can be presented as:
MSE = -~ 3"(t, - 2,)?
2N Zi:( i) 1)
Where t; and z are observed and calculated
(predicted) data for the iy, training or validation process,
N presents the number of samples, [35]. In some studies,
the root means square error (RMSE) is used to justify the
errors in the units of data. In this study, Quick Prop was
used as the learning technique. Quick Prop indirectly
applies the second estimation of the error to adjust the
weights (Equations 2, 3, and 4). In Quick Prop, the
updated weights are calculated after each iteration.
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Where Aw, is the weight increase, d, is the
estimation of the error regarding the weight for the
existing calculation, m; and oE/owm is the existing error
incline for a specific input variable [35]. In the first step
of ANN model development, a BP structure was
developed, however more complex model was
investigated as well to find the best results. Several
parameters such as network structure and transfer
functions were examined to establish the most
exceptional model with the lowest reasonable error
margin. The genetic algorithm was used in this study to
find the optimum number of neuron each hidden layer.
After studying several model structures with different
transfer function and a varied number of the hidden layer,
a modular neural network structure was developed with
lowest estimated MSE. In the modular neural network
structure, the data are processed in two branches of
independent neural networks (Figure 1). These branches
trained datasets separately and then outputs data of each
branch are joined in the output layer. The modular
structure, due to the layer arrangement, can train data
with diverse transfer functions at the same time. In the
developed model of this study, a linear transfer function
was applied in the input and output layers; a hyperbolic
tangent and logistic functions were used for the of hidden
layers of branches (Figure 1). These transfer functions
are:
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Where tanh(u) is the hyperbolic tangent transfer
function; L(u) is the logistic transfer function; and u is the
inputs data of the neuron [35].
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Figure 1: Structure of the ANN model

3. Results

The lowest error was found after 41904 iterations. The
MSE of the final ANN model was ,estimated at around
1.7 for the training and 2.0 for the validation data. The
RMSE was estimated around 1.32 ppm for the training
and 1.43 ppm for the validation data, which was the
lowest error between several investigated ANN models.
The regression analysis between actual (observed) and
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predicted data (Figure 2) shows the estimated R? (R-
squared) was 0.89 for training and 0.95 for validation of
the ANN model. It is clear that due to several
uncontrolled factors, which could impact arsenic
concentration in compost product; nevertheless, the
results looked better than the expectation and the final
ANN model can find arsenic concentration in with a
reasonably small error.
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Figure 2: Regression analysis of actual and predicted arsenic concentration (Training and validation)

The final model predicted arsenic concentration with an
error margin of around +0.38 ppm (training data) and
+0.34 ppm (validation data) and this level of error
considering the uncertainties involved is remarkable
(Figures 3&4). The four lines in figures 3&4 show the
predicted output, actual output, and the high and low
margins of the 5% confidence intervals. The grey area
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indicates the estimated result was within the 95%
confidence level. For example, this means that there is
only a 5% chance in training data that the possible error is
more than £3.8 ppm. It appears the model is capable of
predicting arsenic concentration. However, the months
with significant differences between predicted and actual
data should be investigated.
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Figure 3: Predicted, actual, and the 95% confidence interval (Training)
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Figure 4: Predicted, actual, and the 95% confidence interval (Validation)

The sensitivity analysis shows the average monthly  temperature. The high rate of arsenic in winter would be
temperature has the highest effect on the model output  because of burning ACC treated timber and wood ashes
with 85% sensitivity. Also, the sensitivity of Kerbsite, in log burners.
food waste, and river weeds are estimated around 19%,
12%, and 3.4% respectively. It appears the component
and volume of waste are changed based on the outside
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Figure 5:The sensitivity analysis of the final ANN model

4. Conclusion concentration in compost production with minimum
possible error is possible. It was challenging to find
similar study using nonlinear models in compost
production industry to inspect the results of this study

The result of the study shows after investigating several
ANN model, developing an ANN model predict arsenic
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The similarity between the results of training and
validation data show the model is capable estimating
arsenic concentration in different conditions. It appears
by temperature change in different months arsenic
concentration in compost input change as well. It would
be because of components of inputs in different seasons.
Also, It was found ashes from log burners contain
significant arsenic which increases the arsenic
concentration in winter. The models can be used to
manage arsenic, and other heavy metals content in
compost in a different time of year. The result shows the
sample size and accuracy of data is the first step to
develop a practical model. Also, developing models
based on weekly data can improve the prediction. The
method can be used to estimate other heavy metals as
well. However, the model for each site is a unique study
based on climate, inputs, and other factors. Also, it should
be mentioned the final ANN model works based on waste
inputs and outside temperature; therefore, the estimation
models in different cities or factories would be different.
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