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Abstract 

The ability of microorganisms to degrade and purify pollutants underlies bioremediation's potential for environmental 

restoration. Finding trustworthy biomarkers that capture the dynamic interactions between microbial populations and pollutants is 

essential for tracking the effectiveness of bioremediation processes. Marine settings naturally contain several trace elements (TE), 

which are crucial for maintaining human health. Mytilus Chilensis, a rich source of total ethylene (TE), becomes polluted with 

elevated levels of TE concentration because it is grown adjacent to industrial outfalls. We describe to anticipate lower 

concentrations for Cu and Ni bioremediation in microbial communities using the Stochastic Firefly Optimized Ensemble 

Convolution Neural Network (SFO-ECNN). The goal of this project is to develop a sophisticated biomarker for bioremediation 

assessment. A sustainable method of environmental restoration called bioremediation uses microorganisms' ability to break down 

and purify contaminants. The industry is growing, and new tools to monitor and assess the efficacy of bioremediation processes 

are becoming increasingly necessary. Consequently, it functions as a biomarker of pollution. Determinant inequalities are used to 

reduce the concentration of TE and Mutual Information (MI) is maximized without the addition of any external chemicals to 

accomplish in situ bioremediation in Mytilus Chilensis. 
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1. Introduction 

 

The vast diversity of environmental microbial 

communities is responsible for controlling human health and 

several biogeochemical cycles. Biotechnology uses these 

natural communities for a variety of purposes. To 

investigate microbial diversity, high throughput sequencing 

(HTS) technology is becoming more widely available [1]. 

Pesticide-contaminated soils can be remediated by 

combining microbial co-metabolism, exo-enzyme synthesis, 

microorganism sensitivity to pollutants and bioavailability 

of the contaminants. To increase the efficiency of 

bioremediation and encourage soil microbial activity, a 

range of chemical and biological strategies is used. The  

 

 

methods that are most in line with nature are those involving 

plants and earthworms, as they have clear advantages over 

any potential drawbacks [2]. The industrialization and 

population explosion are causing an alarming increase in the 

pollution load. Industrialization's use of chemicals in the 

production of high-tech advancements has led to the 

production of pollutants that are not biodegradable, 

including heavy metals, xenobiotics and hydrocarbons [3]. 

The main reason for the extreme strain on the Earth's 

ecology is the growing human population. Developing 

nations are under tremendous pressure to meet their 

economic demands and their industrialization is further 
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harming the environment as rich nations continue to 

consume their resources and pollute the environment [4]. 

The use of living things, such as plants, algae and 

microorganisms, in place of physicochemical and 

mechanical methods to remove pollutants from 

contaminated environments and restore them to their pre-

pollution state is known as bioremediation [5]. In 

freshwater, marine and terrestrial ecosystems, environmental 

contaminants (ECs) are building up because of increased 

human activity. They contaminate the environment, which 

lowers human welfare because they can enter the body 

through food or inhalation. In addition to people, aquatic 

and terrestrial organisms are negatively impacted by ECs 

[6]. Toxic chemicals can leak into the environment 

accidentally or on purpose, which is one way that industrial 

operations contribute to environmental contamination. 

Without a strict regulatory framework to prevent 

environmental pollution, industry and human activities grow 

quickly in developing nations. There are a considerable 

number of polluted locations around the globe, which could 

pose a risk to public health [7]. Numerous contaminants, 

such as hydrocarbons, industrial effluents, heavy metals, 

xenobiotics, pharmaceuticals, radionuclides and 

polychlorinated biphenyls, Poly-aromatic hydrocarbons 

(PAHs), have increased due to the water's rapid 

industrialization and population growth, soil and 

environment. The ecosystem, flora and human health are all 

harmed by these hazardous compounds [8]. Environmental 

pollutants that can cause several diseases in humans and 

animals are known to be chlorinated aromatic and aliphatic 

chemicals. Of these, the most difficult categories of 

pollutants to deal with are the polychlorinated dibenzo-p-

dioxins and furans (PCDD/Fs), because of their toxicity and 

stubbornness [9]. One frequent, widespread and ubiquitous 

anthropogenic pollutant is petroleum hydrocarbon (HC) 

contamination. The exploitation of natural resources is 

among the human activities that are linked to an increase in 

the incidence of HC spills in these environments. These 

activities are the consequence of unintentional spills or 

previous waste management errors [10]. The study [11] 

listed the main problems with the traditional bioremediation 

method. The advantages of merging artificial intelligence 

with nano bioremediation are examined to address the 

shortcomings of a conventional strategy for cleaning up 

regions affected by crude oil. The study [12] provided an 

overview of the potential of bacterial bio-films for 

bioremediation against various metal ions. There has been 

discussion of the composition, mechanism and interspecies 

communication of bacteria that produce bio-films. There 

exist multiple methods via which bio film-associated 

microorganisms interact with heavy metals. The article [13] 

summarized the knowledge currently known regarding 

blood biomarkers utilized in fish stress responses produced 

by climate change. Fish populations as a whole or individual 

fish are monitored for physiological fitness using changes in 

informative blood-based indicators. The study [14] showed 

improved hydrocarbon breakdown capabilities when 

recovered from Equator water. The degradation 

investigations revealed broad growth, eliminating 93% and 

83% of the phenanthrene at 0.1 and 20 MPa in 72 hours, 

respectively. The contamination of land, water and air by 

dangerous compounds brought by numerous human 

activities is a significant problem facing the world today. 

They exploit resources in a way that seems they are utilizing 

them recklessly [15]. The study [16] examined the function 

of plant growth-promoting bacteria (PGPB) in the 

environmentally safe, low-cost bioremediation of heavy 

metals. The study [17] provided an overview of the types, 

effects and properties of commercially available Organo-

chlorine pesticides (OCP) in soil and water sources during 

the bioremediation process. The procedures outlined in this 

paper are thought to be an efficient and sustainable solution 

since they completely convert organic compounds into a 

non-toxic final product. The research [18] offered once-in-a-

lifetime chance to improve the welfare of all life in 

planetary ecosystems and broaden knowledge of intricate 

biological systems. The study [19] provided a detailed 

description of the dynamics of microbial ecology in 

laboratory microcosms polluted with solvents chlorinated 

and 1, 4-dioxane. Local microorganisms prevailed despite 

bio-augmented Pseudonocardia dioxanivorans CB1190's 

improved 1, 4-dioxane elimination and rapid metabolism of 

carbohydrates along with amino acids. Gaining expertise in 

the quickly developing fields of generative AI and protein 

engineering is necessary to utilize machine-learning models 

as a navigational aid for protein fitness landscapes [20]. This 

part of the paper follows an identical format as the rest: In 

part 2, the methods are discussed in detail. Part 3 discusses 

the results and the conclusions coupled with 

recommendations for additional research are covered in part 

4. Ecosystems and human health are threatened by 

environmental contamination, which calls for creative and 

long-lasting remediation strategies. Utilizing biological 

organisms to break down contaminants is a promising 

environmentally acceptable approach known as 

bioremediation. Because of the complexity of biological 

systems and the multitude of factors influencing the efficacy 

of bioremediation, it can be challenging to identify and 

optimize the crucial biomarkers that facilitate efficient 

pollutant degradation. A systematic and data-driven 

approach for finding and characterizing advanced 

biomarkers in bioremediation is lacking, which is the main 

obstacle to the development of targeted and optimal 

treatments. A more sustainable and efficient method of 

environmental cleanup might be fostered by the successful 

application of such a strategy, which has the potential to 

revolutionize bioremediation procedures. 

 

2. Materials and Methods 

 

This section covers the topic of using deep learning 

to develop an advanced biomarker for bioremediation. Fig.1 

shows the methodological design. 

 

2.1. Dataset 

 

Water samples were filtered using a 0.45 µm filter 

membrane before nutritional analysis. A centrifuge tube was 

used to gather the filtered water samples, which were kept at 

-20°C. The bio-film equipment collected microbial water 

samples on days 1, 9, 17 and 25. Bio-film samples were 

taken from the polyethylene brush surface and stored at -

80°C using sterile EP tubes. The alkaline potassium 

permanganate technique was used to calculate CODMn. The 

automated discontinuous chemical analyzer SmartChem was 

used to measure ammonia nitrogen, nitrate, nitrite, 
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orthophosphate, total phosphorus (TP). These consisted of 

the following: The hypobromite oxidation method was used 

to estimate the concentration of NH4 + -N and the potassium 

per-sulfate oxidation method was used to determine the 

amounts of TN and TP; The cadmium column reduction 

method was used to estimate the concentration of NO3--N 

and naphthalene ethylenediamine spectrophotometry was 

used to assess the concentration of NO2--N and the 

phosphoro-molybdenum blue spectrophotometric 

concentration [21]. 

 

2.2. Data Preprocessing using Z-Score Normalization 

 

Z-score normalization, commonly referred as 

standardization, is a statistical method for changing a 

dataset's mean and standard deviation to zero and one, 

respectively. Each data point is taken, the dataset's mean is 

subtracted and the result is divided by the dataset's standard 

deviation. Z-score normalization helps the customers 

understand how a particular rating can fit into a regular, 

usual set of facts. Z-score is carried out to manage outliers 

in a collection. When the modified dataset will have a mean 

of zero and a standard deviation of one after Z-score 

normalization is applied. This normalization method is 

widely applied in a range of fields, such as statistics, data 

analysis along with machine learning, to compare and 

evaluate data that might have varying sizes or distributions. 

All variables are helped to be placed on a similar scale, 

which makes them easier to compare directly and more 

appropriate for some modeling or statistical tasks. 

 

𝑧̅ =
𝑧−𝜏

𝜍
      (1) 

 

Z stands for the quantitative component 𝑧̅is the freshly 

assumed data point, τ denotes the data points' average and ς 

indicates the variance of the data points. 

 

2.3. Bioremediation using stochastic firefly optimized 

ensemble Convolutional neural network (SFO-ECNN) 

 

Stochastic Firefly Optimized Ensemble 

Convolutional Neural Network used to solve a 

bioremediation-related issue utilizing image data. 

Considering a situation where the stochastic firefly approach 

is applied to enhance the optimization process and ECNNs 

are used for image analysis in bioremediation initiatives 

could be envisioned. To increase accuracy and resilience, 

multiple ECNNs' outputs can be combined using ensemble 

learning. 

 

2.3.1. Ensemble Convolutional Neural Network (ECNN) 

 

Popular deep learning models for tasks like object 

detection, classification and image segmentation are 

Ensemble convolutional neural networks (ECNN). Because 

of its ability to record geographic patterns and feature 

hierarchies, it is helpful for tasks requiring grid-like data, 

like images. 

 

 

 

 

Operation of Convolution 

 

A tiny filter, referred as a kernel, is dragged across 

the input image during the convolution operation to extract 

local information. The procedure is carried out element by 

element and the output feature map has a single value 

because of summing the results. The convolution operation 

at a given position can be expressed using the following 

equation: 

 

𝑄(𝑗, 𝑖) = ∑ ∑ 𝐽(𝑗 + 𝑛, 𝑖 + 𝑚) × 𝑅(𝑛, 𝑚)𝑚𝑛        (2) 

 

Where 

  

𝑄(𝑗, 𝑖) is the value at (𝑗, 𝑖) in the output feature map. 

 

𝐽(𝑗 + 𝑛, 𝑖 + 𝑚) Represents the positional value 𝐽(𝑗 + 𝑛, 𝑖 +
𝑚) in the source image. 
 

The positional value (𝑛, 𝑚) in the convolution kernel 

is 𝑅(𝑛, 𝑚). 

 

Function of Activation 

 

An activation function (often known as ReLU, or 

Rectified Linear Unit), which introduces non-linearity, is 

applied element-by-element following the convolution 

operation. ReLU activation function is described as follows: 

 

𝑅𝑒𝐿𝑈(𝑦) = max(0, 𝑦)             (3) 

 

𝑄(𝑗, 𝑖) = 𝐽(𝑗 × 𝑔 + 𝑛, 𝑖 × 𝑔 + 𝑚)𝑛,𝑚
𝑚𝑎𝑥            (4) 

 

Operating a pool 

 

The spatial dimensions of the feature maps are reduced 

through pooling while essential information is kept. Max 

pooling is a common pooling technique and its equation for 

a specific location is: 

 

𝑄(𝑗, 𝑖) is the value at location (𝑗, 𝑖) in the output pooled 

map. 

 

𝐽(𝑗 × 𝑔 + 𝑛, 𝑖 × 𝑔 + 𝑚) is the value at location (𝑗 × 𝑔 +
𝑛, 𝑖 × 𝑔 + 𝑚) in the input feature map. 

𝑔 is the stride of the pooling operation. 

 

Layer with full connectivity 

 

To generate final predictions, the attributes are 

flattened and run through many convolutional and pooling 

layers, then one or more fully connected layers. The 

equations for completely connected layers include bias 

addition and matrix multiplication. These are the basic 

formulas and elements of an ECNN. 

  

2.3.2. Stochastic Firefly Optimization (SFO) 

 

Fireflies are scarabs or insects with wings that give 

off light at night and squint. Bioluminescence is the process 

of making light from the lower middle area that is neither 

infrared nor ultraviolet. This optimization has two important 
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steps: increasing the amount of light and making the SFO 

look good. For the best settings in Bilateral Filter (BF), the 

changed idea is used. Most of the time, it has some 

suspicions, which are: 

 

i) One SFO is drawn to another SFO, no matter what sex 

they are. Because of this, all SFF are thought to be unisex. 

 

ii) Bright SFO can be attracted to low-bright SFO if the 

amount of attraction is related to the amount of light. 

 

iii) The setting of the target function has a direct effect on 

how bright the firefly is. 

 

iv)  If the two fireflies are the same color, they will move 

around randomly. 

 

By walking around randomly and being drawn to each other, 

the fireflies create new arrangements that last for 

generations. The fireflies' appeal should have something to 

do with how well they do their job. Because they are so 

beautiful, they can split into smaller groups and each smaller 

group swarms around the nearby models. During the 

development of the SFO algorithm, the rate of change was 

rather random. The main reason for this method of 

adjustment is to improve the PSNR rate of the demising 

process. The objective function explains brightness, but 

other kinds of brightness could be explained in the same 

way. Attractiveness is measured by how bright a firefly is, 

so one firefly is used to figure out how far away another one 

is. The amount of light is written as: 

 

𝐴𝑡𝑡𝑗 = 𝑥𝑗𝑓−∝𝑟2
             (5) 

 

Where 𝑥𝑗 is the level of appeal and r = 0 is an absorption 

rate that controls how much the light power goes down. 

Because of this ability, they can figure out how attractive 

each SFF is to get the best values for the spatial and 

intensity kernels. 

 

𝐿𝑖𝑔ℎ𝑡 𝐴𝑡𝑡 = 𝐴𝑐𝑡𝑢𝑎𝑙 𝑙𝑖𝑔ℎ𝑡 0𝑓−∝𝑟2
                      (6) 

 

The actual light is the beauty of the original light when attr 

= 0. The distance between any two fireflies at positions Nn 

and Nm can be described as a Cartesian distance as follows: 

 

𝑟𝑚𝑚 = √∑ (𝑁𝑛
𝑠 − 𝑁𝑚

𝑠 )2𝑡
𝑝=1             (7) 

       

From the above equation, we can see that the parameter is 

the sth part of the nth Firefly’s spatial coordinate and t is the 

number of dimensions. 

 

The push toward the Attractive SFO 

 

The firefly is moved to the new place, but in 

general, it will stay in its current spot. It's required by: 

 

𝑁𝑛
𝑠+1 = 𝑁𝑚

𝑠 +∝ (𝑁𝑛
𝑠 − 𝑁𝑁

𝑠) + 𝜎 (𝑟𝑎𝑛𝑑 −
1

2
)      (8) 

 

Here, 𝑁𝑛
𝑠+1 is the place of the next generation's firefly 𝜎 is 

the parameter for the irregularity and a rand is a random 

number that has been safely passed around somewhere using 

the mutated rate. 

 

Process changed for "rand." 

 

The mutation rate is used to choose the random 

values of the growth updating process. This is based on the 

probability values. To reach the goal, the new chances of 

change at generation t+1 are made better for each site. 

 

𝑟𝑎𝑛𝑑 = {𝐾2 (𝑒𝑚𝑎𝑥 − 𝑒𝑤) (𝑒𝑚𝑎𝑥 − 𝑒𝑎𝑣𝑔)⁄ , 𝑒𝑤 ≥

𝑒𝑎𝑣𝑔 𝑎𝑛𝑑 𝐾4,𝑒𝑤 ≤ 𝑒𝑎𝑣𝑔    (9) 

 

Where 𝑚𝑎𝑥, 𝑚𝑖𝑛, 𝑎𝑛𝑑 𝑎𝑣𝑔 are the maximum, minimum 

and average objective functions of the current iterations as 

well as L4 and L2 are control factors in the range [0, 1]. 

 

Process of termination 

 

𝐼𝑡𝑒𝑟 =  𝑖𝑡𝑒𝑟 +  1 depicts the SFF process will 

keep going until the best values, which are 𝜎s and 𝜎r, are 

found. 

 

3. Results and Discussion 

 

MATLAB version 7.0.0 was used in this study. 

Table 1 shows the concentration correlation matrix for seven 

trace elements. Copper and nickel contamination appears to 

be common near the ocean and it is typical of industrialized 

coastal areas. Six elements that are associated with nickel 

and copper had their concentrations discovered to have 

lower bounds. The lower bound for each of these 

components that maximizes the MI is displayed in Tables 2 

and 3. The development of a low-cost method to reduce the 

TE toxicity in marine mussels before they are consumed by 

humans has been the focus of intensive study in recent 

years. The best technique for bioremediation of pollutant 

concentration is natural attenuation since it reduces toxicity 

without introducing more chemicals externally. Conversely, 

every single SFO-ECNN expected value surpasses the lower 

bound values projected by the MI, hence requiring the 

incorporation of external chemicals. Since natural 

attenuation, bioremediation does not require the addition of 

chemicals. To bio-remediate, the poisoning of a particular 

TE, such as Cu & Ni within the biomarker Mytilus 

Chilensis, the elemental concentration was lowered in this 

study by applying the maximizing of MI. To address the 

drawbacks, a sophisticated biomarker for bioremediation has 

been created using the SFO-ECNN technique. 
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Table 1. Matrix of correlation for trace element concentrations 

 

 

Elements Cr Al Mn Fe CO Ni Cu 

Cr 1 0.85 0.88 0.86 0.30 0.19 0.22 

Al - 1 0.80 0.82 0.31 0.27 0.08 

Mn - - 1 0.81 0.26 0.24 0.14 

Fe - - - 1 0.45 0.25 0.17 

CO - - - - 1 0.44 0.29 

Ni - - - - - 1 0.61 

Cu - - - - - - 1 

 

 

 

 

 

Table 2. Comparing Ni acquired by maximizing Mutual Information (MI) 

 

 

Elements The existing value of Ni Lower bound values by MI SFO-ECNN 

Al 0.19 0.71 0.92 

Cr 0.27 0.62 0.91 

Mn 0.24 0.58 0.88 

Fe 0.25 0.02 0.32 

CO 0.44 0.51 0.10 

Cu 0.61 0.52 0.81 
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Table 3. Comparison of Cu derived by Mutual Information (MI) maximization 

 

 

Elements The existing value of Cu Lower bound values by MI SFO-ECNN 

Al 0.22 0.46 0.92 

Cr 0.08 0.52 0.91 

Mn 0.14 0.49 0.88 

Fe 0.17 0.12 0.32 

CO 0.29 0.39 0.10 

Ni 0.61 0.48 0.91 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Methodological Design 
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4. Conclusions 

 

This study shows that using SFO-ECNN to develop 

an advanced biomarker for bioremediation is a viable way to 

further environmental monitoring and remediation 

initiatives. The created biomarker provides a thorough and 

dynamic method of evaluating the efficacy of 

bioremediation procedures. Because of its capacity to adapt 

to shifting environmental factors and identify minute 

changes in microbial communities, this is an effective 

method for early intervention and the improvement of 

bioremediation techniques. Even though Cu and Ni's 

toxicity has been lowered in this study in a selected manner, 

we applied SFO-ECNN to expand its applicability to the 

bioremediation of other elements' toxicity. The advancement 

and improvement of sophisticated biomarkers helps to make 

better decisions, maximize remediation tactics that promote 

a more resilient and healthy environment. The combination 

of bioremediation and deep learning shows how innovative 

technologies can revolutionize environmental research and 

engineering by solving intricate ecological problems. 
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