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Abstract: This paper demonstrates the feasibility of using an electronic nose to assess fish quality 

by analyzing air quality and examining volatile organic compounds (VOCs) alongside physical 

variables, with pH, protein content, and VOCs serving as chemical reference points. Artificial 

intelligence algorithms were employed to predict quality and calculate regression coefficients. 

Using the reference neural network algorithm based on chemical and physical compounds, 

regression coefficients (R values) achieved were 0.99, 0.98, and 0.97, respectively. Additionally, 

ANFIS (Adaptive Neuro-Fuzzy Inference System) produced R values of 0.99, 0.85, and 0.98. Both 

fuzzy logic and ANFIS proved effective for predicting fish quality. Image processing techniques, 

including histogram analysis, color mapping, and edge detection, were also applied to assess fish 

quality. To enhance the inference process, Neutrosophic Logic-Enhanced Fuzzy Logic Systems were 

utilized, addressing uncertainty and imprecision in fish quality assessment. Neutrosophic logic 

combines fuzzy logic's partial truth with indeterminacy, represented by three membership 

functions: truth, indeterminacy, and falsity. Neutrosophic fuzzy inference integrates steps like 

neutrosophication, rule evaluation, aggregation, and defuzzification, ensuring improved 

expressiveness and fidelity. For instance, neutrosophic fuzzy rules evaluated fish freshness and 

appearance to determine quality ratings such as poor, good, or excellent. This integration enhances 

decision-making by accurately modeling complex real-world uncertainties. These methods, 

combining electronic nose technology, artificial intelligence, and neutrosophic inference, provide a 

robust, non-destructive, and cost-effective approach to detecting spoilage in fillet fish. 

Keywords: Adaptive Neuro-Fuzzy Inference System, Neural Networks, Fuzzy Logic, Neutrosophic 

Logic. 

 

1. Introduction 

Fish is one of the most traded foods in the world because it contains nutrients beneficial to human 

health. The chemical composition of fish consists of the following: Fish contains 18% to 24% 

lipoprotein, 2% calcium and contains 22 kg / 100 grams of phosphorous, it also contains soluble 

vitamins [1]. There are many factors that affect the proportions of the chemical composition of fish, 

including type of food, sex, seasonal differences, differences in the composition of parts of the same 

fish, such as the difference between white muscle and red muscle, and the difference on the right side 

from the left side [2–4]. There are several methods for assessing the freshness of fish, firstly, sensory 

methods, which include change in smell, gill color, texture, buoyancy test, flesh and skin consistency, 

eye color, and texture [5]. Most of the current organic gas sensors are considered as individual 
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machine learning methodologies and are considered as the best modern non-destructive methods for 

assessing freshness during fish storage period. A gas sensor was used to assess TVB-N of salmon. 

The correlation coefficient between freshness values and TVB-N gas sensor readings was determined 

to determine the sensitive gas sensor indicators. Linear models, ensemble machine learning, which 

includes the following models SVR, MLP, KNN, Gaussian model and decision tree were used to 

determine the freshness indicators by improving the analysis models in detecting the quality and 

freshness of salmon, which proves the effectiveness of sensors in detecting fish freshness [6]. There 

are also analytical methods for detecting the freshness of fish, such as estimation of VOCs, estimation 

of ammonia, estimation of sedimentation, selection of thiobarbutic acid, study of the pH 

concentration of the refractive index of eye fluids, total number of bacteria, and the test for total 

volatile nitrogen [7,8]. There are several factors that cause fish spoilage, including: Bacterial spoilage 

that occurs due to the presence of spoilage bacteria in the intestines of fish, and the degree of bacterial 

spoilage varies according to the temperature and the type of bacteria [9]. Bacteriological spoilage 

begins with the appearance of unpleasant odors, as a result of which a trimethylamine complex is 

formed, and then the formation of indole compounds, amines and hydrogen sulfide increases. The 

type of bacterial spoilage varies depending on several factors, the most important of which is the type 

of fish [10,11]. Red muscle fish are more prone to spoilage than white muscle fish because they contain 

a high percentage of hemoglobin and the condition of the fish when fishing in terms of the fullness 

of the stomach and the pressure on the fish, the temperature of transporting the fish after fishing, the 

type of pollution to which the fish are exposed. In terms of the percentage of pollution and mud in 

the water in it, as well as pollution, manual work in fishing, transporting and trading fish during and 

after fishing. There are several methods for preserving and processing fish, including fish 

cryopreservation, by reducing the temperature of fish to a point close to freezing, which leads to 

reducing biological and chemical reactions, which delays bacterial reactions [12,13]. Spoilage of fillet 

fish causes a change in color as a result of the change of myoglobin and hemoglobin responsible for 

the red-pink color to yellow and brown and a change in odor as a result of the release of volatile 

organic compounds, therefore, researchers tried to find new non-destructive detection methods for 

detection [14]. On the freshness of fish using artificial intelligence [15], spectroscopic computer vision, 

electronic nose and NIR. Through the applications of artificial intelligence and machine learning 

algorithms, it is possible to classify foods and predict food quality [16–18]. Machine learning 

algorithms were also used to predict the quality of fish built on real time platform [19]. Artificial 

intelligence contain predictable algorithms such as The adaptive neuro-fuzzy inference system 

(ANFIS)  and fuzy inference system that used to predict the quality of fish [20]. As for analytical 

detection methods, they are not suitable in fish factories because they are considered destructive 

detection methods that take time, effort and costs. Recently, the fish fillet industry has spread and the 

consumer’s demand for eating fillet fish has increased, as it contains advantages represented in 

providing the process of washing and cleaning to the consumer, fish fillets can be cut as desired, 

longitudinal or transverse slices, which facilitates the processing process for the consumer. Certain 

weights can also be obtained, which facilitates the marketing work [21]. Spoilage of fish causes food 

poisoning to humans when eaten. In this study, three models were used, Back Propagation Neural 

Network (BP-ANN) [22], Adaptive Neuro Fuzzy Inference System (ANFIS) to determine the extent 

of correlation between the chemical variables represented in pH, protein values and reference TVB-

N and the physical variables represented in image features and TVB-N reading from MQ135 gas 

sensors. Fuzzy Inference System (FIS) was used to predict the quality of fish fillets. Despite these 

advancements, the inherent uncertainty and imprecision in fish spoilage assessment present 

significant challenges. This study aims to address these limitations by integrating neutrosophic 

logic—a framework that models uncertainty using three membership functions: truth (T), 

indeterminacy (I), and falsity (F)—with predictive algorithms to enhance the reliability and 

robustness of fish quality evaluation systems.  
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The main contribution of this study is to use the gas sensor as a non-destructive way to detect the 

extent of freshness by measuring volatile organic compounds through: 

1. Creating a suitable system for obtaining computer data and computer vision, 

2. The use of predictive algorithms such as neural networks and ANFIS for the chemical variables 

represented in the acidity number, protein values, measurement of volatile organic compounds 

in the laboratory, and the physical variables represented in the variables in the characteristics of 

the images and the reading of the output from the gas sensor of the volatile organic compounds 

3. Building a fuzzy logic model to predict fish quality, depending on the gas sensor reading of 

VOCs, reference VOCs, protein values, and pH number. 

4. Neutrosophic logic enhances fish quality assessment by effectively modeling uncertainty and 

imprecision through its truth, indeterminacy, and falsity dimensions, improving decision-

making accuracy. 

The study involved several key steps, including sample preparation, chemical analysis of fish fillets, 

image acquisition using an image conception system, and VOC measurement via a gas sensor. 

Machine learning models, such as a Back Propagation Neural Network and an Adaptive Neural 

Fuzzy Inference System (ANFIS), were developed, evaluated, and refined using the ANFIS algorithm 

and alongside a fuzzy logic, and neutrosophic-logic approaches with an inference system to enhance 

accuracy. The related work are illustrated in Section 3, the methodologies are detailed in Section 3. 

Section 34 presents the results and discussion, while Section 5 concludes the study and highlights 

directions for future research. 

2. Related work  

The assessment of fish quality has witnessed significant advancements over the years, transitioning 

from traditional destructive techniques to modern non-invasive approaches [23]. Traditional 

methods rely on measuring chemical and physical attributes such as appearance, color, texture, odor, 

and taste [19,24]. While effective, these methods have notable drawbacks, including their destructive 

nature, high costs, time consumption, and the need for highly skilled operators. Consequently, 

researchers have focused on developing innovative non-destructive techniques such as biosensors, 

electronic sensors, and spectroscopic methods. These approaches minimize sample preparation, 

avoid destruction, and provide comprehensive data from a single test, making them ideal for online 

and at-line process controls in food quality assessment [25]. Machine learning algorithms have also 

played a pivotal role in advancing fish quality evaluation. Models like Back Propagation Artificial 

Neural Networks (BP-ANN) and Adaptive Neuro-Fuzzy Inference Systems (ANFIS) have been 

widely used to predict correlations between chemical variables (e.g., pH and protein content) and 

physical variables (e.g., VOC sensor readings and image features). These predictive models improve 

the reliability of quality assessments by analyzing large datasets and identifying intricate patterns in 

the data [26].  

However, the integration of neutrosophic logic into these frameworks has introduced a 

transformative approach to handling uncertainty, imprecision, and indeterminacy inherent in real-

world conditions. Neutrosophic logic enhances traditional fuzzy systems by incorporating three 

membership functions: truth, indeterminacy, and falsity. This allows for a more comprehensive 

modeling of ambiguous scenarios, such as variations in fish spoilage conditions. For example, 

neutrosophic fuzzy rules can classify fish quality into categories like "poor," "good," or "excellent" 

with greater expressiveness and accuracy. By addressing data uncertainty, neutrosophic logic 

improves decision-making capabilities and ensures higher fidelity in fish freshness evaluation 

systems. 
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In one study [27], a hydrogel-pH-electrode-based near-field passive volatile sensor was developed 

for real-time monitoring of fish spoilage. The sensor utilized a varactor-based LC resonator, which 

was interrogated via inductive coupling to detect changes in resonant frequency caused by total 

volatile basic nitrogen (TVB-N) in the fish headspace. This sensor exhibited a linear response to 

ammonia gas concentrations, with a detection limit of 0.001 mg/L (1.5 ppm). Trials on tilapia stored 

at 24 °C and 4 °C demonstrated that the sensor’s readings correlated with bacterial growth patterns 

and accurately identified the spoilage threshold (107 cfu/g) for both storage conditions. This wireless 

sensor, designed for embedding in packaging materials, offers a cost-effective and scalable solution 

for real-time spoilage detection, leveraging advancements in printed electronics for mass production. 

Another notable study [28] employed Arduino-compatible MQ-series sensors (MQ3, MQ4, MQ5, 

MQ8, MQ9, and MQ135) to measure odor changes in trout, sea bream, and sea bass during storage. 

The odor intensity readings from the sensors were compared with microbiological and sensory data 

to establish spoilage thresholds. An electronic nose box, controlled by an Arduino microprocessor, 

was developed to rapidly assess the quality of 10 g fish samples. The system accurately identified 

"Fresh Fish" samples with total viable counts below 3 log CFU/g, highlighting the potential of 

Arduino-controlled odor sensors as a fast, simple, and low-cost solution for evaluating food quality. 

3. Material and methods 

3.1. Sample preparation  

A 94 slices of fish fillet were purchased from the local market and divided into four sets: 24 slices for 

protein analysis, 24 slices for pH analysis, 24 slices for TVBN reference value analysis, and 24 slices 

for air quality analysis using the MQ135 gas sensor. The mass of each slice was 2.4 ± 0.48 g. The fish 

fillet sets were placed in sterile plastic bags and stored in a refrigerator at 4°C for 10 days. Six samples 

were analyzed on four different days (days 1, 4, 7, and 10) for each set. 

3.2. Chemical analysis 

The volatile organic compounds, protein, and pH number in fish fillets were estimated in the 

laboratories of the Food Technology Department at the Faculty of Agriculture, Kafr El Sheikh 

University, Egypt in march 2024. The pH was measured by a PH meter of fish samples during the 

storage period. The protein of fillet fish was estimated by the Kildahl method through the following 

steps: 2.2 grams of fish fillet was weighed after it is ground and placed in a beaker Kildahl capacity 

from 500 to 800 ml, then 15gm of anhydrous potassium sulfate powder are added, 25ml of 

concentrated sulfuric acid 93-98% free of nitrogen and 0.7g of mercury oxide free of nitrogen. The 

Kildahl beaker is heated in the Kildahl apparatus for 30 minutes until it boils, then it is left to cool 

down, then 200ml of water is added, then a quantity of mercury granules is added and then the 

beaker is placed on the distillation device, then 80ml of sodium hydroxide solution are added and 

then 5 to 7 drops of sodium are added. The methyl red guide and green bromocresol are dissolved in 

0.16g of methyl red, then the distillation flask is shaken and heated well until the ammonia is 

volatilized and condensed in the receiving flasks, where at least 150ml of nitrogen is extracted and is 

equivalent to adding hydrochloric acid (LU et al., 2010). The Planck test is done, i.e. repeat the same 

previous steps without samples, then calculate the protein percentage through the following 

equations (1) and (2): 

% of nitrogen = 
(volume of hydrochloric × standard hydrochloric standard × 14.007 × 100)

(1000×weight samples)
 (1) 

% of protein in fillet fish = % of nitrogen × (16/100) (2) 
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The content of the volatile organic compounds in the fillet was measured during the storage period 

using the steam distillation method through the following steps: The samples were ground with a 

grinder 10 ± 0.1g of the ground fish samples were taken and placed in a beaker and 100 ml of distilled 

water were added for 30 minutes with shaking The beaker every 10 minutes, then the solution was 

filtered using filter paper, then 10ml of magnesium oxide was added to produce 5ml of the alkaline 

filter, then the resulting solution was distilled by steam distillation for 5 minutes, then 10ml of boric 

acid was added to absorb the resulting solution from the distillation flask with steam [29]. Titration 

was performed by adding 0.01 hydrochloric acid. TVB-N for fish was calculated by the following 

equation (3): 

TVB-N = 
(𝑣1−𝑣2)×𝑐×14 

𝑚×5/100
×100                              (3) 

where v1 is size of the sample that was calibrated, v2 is size without samples (Blank), c is actual 

concentration of hydrochloric acid, Sample weight of ground fish (g). 

3.3. Image conception system 

Images of fillet fish were taken during the four analysis days with a charge coupled device (CCD) 

camera. The images were calibrated by taking ten white reference images with a reflection rate of 

99% and ten black reference images with a reflection rate of 0% using the following equation (4) [30].  

where M is the calibrated image, IS is the raw image, ID is the mean dark reference image, and IW is 

the mean white reference image. The size of the captured images was (2534 ×2786). The median filter 

was used to remove noise before determine the Region of Interest (ROI). Region of Interest in images 

is defined as the portion of the image being processed where the pixel value is 1 and the remaining 

pixels are 0 (Cheng et al., 2015 and Taheri-Garavand et al., 2019). The size of ROI in the images was 

(364 ×246) using a binary mask. Edge deduction of image processing was used to determine the 

dashed curves as pixels of image to extract the features from the images through using five types of 

filters they are: Sobel, log, canny, Roberts, and Prewitt filter.      

3.4. Measuring VOC from fillet fishes via gas sensor 

Volatile organic compounds are among the most important indicators of the quality of fish meat, 

which result from the decomposition of basic chemical compounds due to the activity of bacteria and 

the conditions of keeping fish, which is the decomposition of protein into ammonia. Hydrogen 

sulfide, ethyl mercaptan, etc. Carbohydrates in hydrocarbons, alcohols, ketones, aldehydes and 

carboxylic acid gases hydrolyze lipids into aldehydes and aldehydes [27,31–36]. In this research, 

MQ135 gas sensor was used as a non-destructive method to detect the freshness of fish by 

determining the percentages of volatile organic compounds produced by the fish during the storage 

period Figure 1. The gas sensor is a metal (MOS) because the resistance changes according to the 

amount of gas produced of the article. The gas sensor specification is based on a DC voltage of 5V, 

and can identify the gas concentration for the MQ135 gas sensor VOCs in the range between 10 to 

10,000 ppm. The MQ135 gas sensor measures air quality gases, which are represented in (ammonia, 

nitrogen alcohols, sulifide, and oxygen), which are considered among the most important volatile 

organic compounds that express the quality of fish. 

M = 
𝐼𝑆−𝐼𝐷

𝐼𝑊−𝐼𝐷
× 100% (4) 
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       Figure 1. Scheme of gas sensor system for measuring VOCs of fish 

The MQ135 gas sensor was placed in the gas bottle and readings were taken through three stages: 

The first stage is to calibrate the gases inside the bottle to ensure that there are no volatile organic 

components inside the bottle, and the second stage is to place 40 ± 0.5 grams of fish samples for 15 

minutes until we obtain the gas values. VOC (Headspace Phase), by connecting the gas sensors to the 

massive Arduino 2560 board through four pins, A0 represents the voltage proportional to the gas 

concentration, VCC represents the voltage supplied to the sensor, GND is the ground pin of the 

sensor, and D0 represents the values of the gases produced. The gas sensor is set by the gas output 

voltage as an increase in gas concentration results in an increase in the output voltage which indicates 

an increase in VOCs and fish damage. The third stage: After taking a reading of each sample, the gas 

bottle is disinfected with water and air for ten minutes, and the previous two stages are repeated for 

each sample of fish at a temperature of 25 degrees Celsius. Humidity was kept at a level of 30±1% 

during the experiment. The gas sensor was set to determine the quality of fish by turning on a red 

infrared LED light, emitting a siren and reading the quality of the fish (fresh or spoiled) on the LCD 

screen when a concentration of volatile gases greater than 9000 ppm is reached, which are the air 

quality values after the second day of analysis. Designated as an indicator of fish spoilage. 

3.5. Back Propagation Neural Network  

The artificial neural network is one of the most important artificial intelligence algorithms that are 

used in prediction and classification, which simulate the way of human thinking. An artificial neural 

network consists of nodes, input layers and output layers. There are several types of neural networks, 

including Back Propagation - Artificial Neural Network (BP-ANN), Radial Basis Function - Neural 

Network (RBF-NN), and Self-Organizing - Neural Network (SO-NN) [37].  

Back Propagation Neural Network (BP-ANN) is a type of neural network that transmits information 

in the opposite direction to the original direction, and it is a type of machine learning under 

supervision where the network needs inputs [38,39]. The network is trained using forward 

propagation to obtain the predicted output value [40]. then the error value between the predicted 

output and the desired output is calculated, then the back propagation stage begins, in which the 

error value is calculated for each neuron in the network and at the end of the weights are updated 

and compensated with the new calculated values [41] as shown in Figure 2. One of the most 

important uses of BP-ANN in artificial intelligence are prediction and classification processes of the 

data [42]. Furthermore, it used in simulating human thinking, as it trains the network by adjusting 

Fresh or spoil  

fish 

 

 

 

 

  

         

  

 

 

 

 

 

  Personal Computer Arduino Board 

G
as

 S
en

so
r 

F
ill

et
 O

do
r 

Gas Bottle 

Artificial 

intelligence 

algorithms 

Buzzer 

Bread Board 

IR Led 

LCD Screen 



Neutrosophic Sets and Systems, Vol. 80, 2025     546  

 

 

M. Y. Shams, M. R. Darwesh, Roheet Bhatnagar, N. S. A. Al-Sattary, A. A. Salama, M. S. Ghoname, Non-Destructive 

Detection of Fillet Fish Quality Using MQ135 Gas Sensor and Neutrosophic Logic-Enhanced System 

and updating the weights that express the interconnections between the layer and the layers that 

follow it, the network contains only one input layer, one hidden layer, and one of output layer, Figure 

3. 

                          

Figure 2. Architecture of BP-ANN 

 

Figure 3. Flowchart of training steps of neural network 

A back propagation neural network consists of a set of nodes, input layer, hidden layers, activation 

functions, and a set of weights that indicate the extent of the connection between communications 

and some of them [43,44]. The learning rate from 0 to 1. In this study, 2 hidden layers were used, and 

the number of neurons in each layer was 10 and 6 Figure 4, respectively. Number of epochs were of 

1000. The learning rate of the network was set to 0.1, and the type of activation function were purline 

and tansiq in the two hidden layers. 

 

Figure 4. Type of activation functions of purline and tansiq that used in the hidden layer and output 

layer, respectively 
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3.6. The Adaptive Neural Inference System  

The Adaptive Neural Inference System (ANFIS) is a system that combines the characteristics of 

artificial neural networks and fuzzy logic, where through this system it is possible to modify network 

parameters such as adjusting the number of neurons for the learning parameter and improving 

methods of fuzzy modeling through neural networks [45,46]. Figure 5 shows the components of the 

nervous system, which contains five layers, as illustrated by the following equations from (5) to (11). 

The first layer is called the "fuzzification layer", which includes the inputs and determines the type 

of membership function [47,48]. However the type of membership function were trimf (triangular 

function). ANFIS also determines the participation rates for the inputs. 

                 𝝁𝑨𝒋
(𝒙) = 𝐦𝐚𝐱 (𝐦𝐢𝐧(

𝒙−𝒂𝒋

𝒃𝒋−𝒂𝒋
, 𝟏,

𝒄𝒋−𝒙

𝒄𝒋−𝒃𝒋
), 𝟎)                             (5) 

            𝐎𝐣
𝟏 = 𝝁𝑨𝒋(𝒙),  for j = 1, 2&3 for linguistic labels number of x                 (6) 

where, {𝒂𝒋, 𝒃𝒋, 𝒄𝒋}, and {𝒄𝒎𝒏, 𝝈𝒏
𝟐} are the parameter sets of 𝝁𝑨𝒊(𝒙), and 𝝁𝒇𝒎𝒏

(𝒛𝒏), respectively. These 

parameters are called premise parameters. x and z are the inputs to the nodes, and 𝑨𝒋, 𝒂𝒏𝒅 𝒇𝒎𝒏 are 

the linguistic labels. The second layer is called "rule layer" determines the extent of the relationship 

between the rule and other rules, equation 12. 

𝑶𝒊
𝟐 =𝒘𝒊= 𝝁𝑨𝒋

(𝒙). 𝝁𝜷𝒌
(𝒚),  for    j = 1, 2, 3 and k = 1, 2, 3 (7) 

where  

𝒊 = 𝒋 × 𝒌 = 𝟗 rules = 1, 2, 3, ……., 9.    

𝒊 = number of rules which is the product of number of states of inputs x and y. 

𝒘𝒊 is the node output which represents the firing strength of a rule.  

Sugeno fuzzy system was used to express rules in ANFIS model, equation 19. 

       Rule 𝒊: If x is 𝑨𝒋 and y is 𝜷𝒌, then 𝒇𝒊 = 𝒑𝒊x + 𝒒𝒊y + 𝒓𝒊,       (8) 
 

where 𝑨𝒋 and 𝜷𝒌  are the fuzzy sets, 𝒇𝒊  is the output, and   𝒑𝒊, 𝒒𝒊, and 𝒓𝒊 are parameters sets 

that are used in  the training process. 

Third layer is called "defuzzification layer" This layer determines the ratio of the rule and other rules. 

         𝑶𝒊
𝟑 = 𝒘𝒊̅̅ ̅ =

𝒘𝒊

𝒘𝟏+𝒘𝟐+⋯+𝒘𝟗
    for    𝒊  = 1, 2, …..,9 (9) 

Four layer is called “normalization layer" this layer can add some additional data. 

𝑶𝒊
𝟒 =  𝒘𝒊̅̅ ̅*𝒇𝒊 =  𝒘𝒊̅̅ ̅ ( 𝒑𝒊x + 𝒒𝒊 y + 𝒓𝒊) (10)    

Five layer is called "output layer" this layer can produce the desired final product. 

𝑶𝒊
𝟓 = ∑ 𝒘𝒊̅̅ ̅  ∗ 𝒇𝒊 𝒊  = 

∑ 𝒘𝒊̅̅̅̅ ∗𝒇𝒊 𝒊

∑ 𝒘𝒊𝒊
 (11) 
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Figure 5. The architecture of ANFIS 

3.7. Performance of ANFIS model 

In this study, the hybrid nervous system was used with Takagi-Sugeno inference model, then the 

system parameters were adjusted. Members acceptance and rejection rate that determine the number 

of shares rejected [49]. Therefore, in order to calculate the regression coefficient in the ANFIS system, 

the previous transactions were determined and were as follows: influence radius was 0.3, maximum 

number of epochs was 200, error goal was 0, initial step size was 0.01, step size decrease rate was 0.9, 

and step size increase rate was 1.1.To reduce the Mean Square Error (MSE), neural fuzzy system 

parameters were set as follows, error tolerance was 0.005. Epochs was 100, range of influence was 0.5, 

squash factor was 1.25, accept ratio 0.5, and reject ratio was 0.15, the equation (12) of MSE as follows: 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑦𝑗 − ŷ𝑗)2

𝑛

𝑠=1

 (12) 

where n is number of value, s the absolute value of the residual,  𝒚𝒋 is the original value,  ŷ𝒋 is 

predicted value of y. 

 

3.8. Building of machine learning model by ANFIS algorithm 

The ANFIS system relies on three main steps: logical operations, membership functions, and IF-

THEN rules [32,50,51]. Figure 6 illustrates the structure of the ANFIS model for the three different 

models as follows: contains one input representing  in chemical analysis (protein values, pH number 

and TVB-N reference values) and one output that representing in physical analysis (air quality values 

produced from the MQ135 Gas sensor), number of structure was 3 mf . ANFIS algorithm was also 

used to predict quality of fish the inputs were (protein values, pH number, TVB-N reference values 

and air quality values produced from the MQ135 Gas sensor) and the output was quality of fish.  

The number of IF then-rules as the number of nodes equals 3, and 81 node, respectively, which is the 

product of number of states of inputs x, y and z etc., as shown in Figure 6. 



Neutrosophic Sets and Systems, Vol. 80, 2025     549  

 

 

M. Y. Shams, M. R. Darwesh, Roheet Bhatnagar, N. S. A. Al-Sattary, A. A. Salama, M. S. Ghoname, Non-Destructive 

Detection of Fillet Fish Quality Using MQ135 Gas Sensor and Neutrosophic Logic-Enhanced System 

 

Figure 6. Structures of ANFIS to predict chemical values from physical values and quality of fillet 

fishes 

3.9. Neutrosophic Fuzzy logic inference system 

The traditional logic or Aristotle logic assumes it is impossible for the element to belong to the class 

and to contradict it at the same time, but fuzzy logic assumes the element belongs to a certain class, 

but to a certain degree [52–54]. Membership function, that determines degree the element that 

belongs to a certain category, such as (high, medium, and low), and the inference step, through which 

the ambiguous outputs resulting from the application of certain rules are known, Figure 7. In this 

study, fuzzy logic was applied as an application of artificial intelligence algorithms in determining 

the quality of fillet fish. The type of membership function was used, trimf as shown by the following 

equation: 

ƒ (𝑥, 𝑎, 𝑏, 𝑐)  = max (min(
𝑥 − 𝑎

𝑏𝑗 − 𝑎
, 1,

𝑐 − 𝑥

𝑐 − 𝑏
),0) (13) 

where a, b, c, and d are the parameter set of the trapezoidal and triangle of membership function. 

 

Figure 7. Steps of Fuzzy-logic inference system 
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Figure 8 illustrates a structured process for handling fish data using neutrosophic logic, which is 

designed to deal with uncertainty, imprecision, and incomplete information. The steps are as follows: 

1. Input Dataset (x): The process begins with an input dataset, denoted as 𝑥 which contains raw 

data to be analyzed. 

2. Neutrosophication: This step involves transforming the input dataset into a neutrosophic 

representation. This process converts the data into a format compatible with neutrosophic 

logic by considering three aspects: truth (T), indeterminacy (I), and falsity (F). 

3. Neutrosophic Inputs: The transformed dataset is represented as neutrosophic inputs, which 

consist of three components: T (truth degree), F (falsity degree), and I (indeterminacy degree). 

4. Truth (T), Falsity (F), and Indeterminacy (I): The neutrosophic inputs are split into their 

respective components. These components represent the degrees of truth, falsity, and 

indeterminacy for each element in the dataset. 

5. Inference Engine: Using the T, F, and I components, the inference engine applies rules to 

derive meaningful conclusions. These rules are defined as T(x), F(x), and I(x). 

6. Deneutrosophication: After the inference process, the neutrosophic representation is 

converted back into a standard format. This step, known as deneutrosophication, produces 

actionable results by consolidating the T, F, and I components. 

7. Output (Y(T,F,I)): Finally, the process yields an output, Y(T,F,I), Y(T,F,I), which represents 

the result of the analysis based on the neutrosophic framework. 

 

Figure 8. Steps of Neutrosophic-logic inference system 
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4. Results and dissuasions 

3.1. Chemical and physical analysis variance 

The values of the chemical parameters of the fish were measured experimentally, that represent in  

the protein values, pH number, TVB-N, using the Kildahl method, PH meter, and steam distillation 

method as a reference measure to predict the quality and viability of the fish, respectively. 72 fish 

slices were used to perform three different chemical analyzes and 24 fish slices were also used to do 

physical analysis during 10 days of storage. Table 1 shows the change in fish protein content, pH 

number TVB-N and air quality appeared from the second analysis day. When calculating the lowest 

significant difference (LSD) for differences between the averages at the level of significance is 0.05, it 

was found the value of (p <0.05), that indicates there are significant differences between the mean 

values of the different variables. As a result of the proliferation of bacteria that cause spoilage of 

cooled fish, such as Pseudomonas, Achromobacter, Flavobacterium, they feed on the protein found 

in fish, which grows in neutral pH level, which results in volatilization of volatile organic 

compounds, which is also consider the important indicator of fish spoilage. The mean ± standard 

deviation of the calculated values of protein and pH count TVB-N for fillet fish fillets, at 0.05 

significance. 

Table 1. Change variance between chemical and physical sample during analysis days 

fish 

samples 

Analysis days 

1-day 4-day 7-day 10 -day 

Protein 
0.615377 

±0.784 

25.30667 

±. 626𝑎 

23.95333 

±0.3126𝑏 

23.3687 

±0.2𝑐 

pH 6.45±0.297 6.456±0.053𝑎 6.238±0.089𝑏 
5.5998 

±0.324𝑐 

TVB-N 3.89±.4 6.44±1.04𝑎 23.92±1.18𝑏 
30.2754 

±1.60𝑐 

Air quality 
1736.333± 

275.5196 

5405.833 

±886.03a 

12929 

±2689.12b 

26755.83 

±4270.39c 

3.2. Extracting image features of fillet fish by image processing   

Figure 9 shows the jet color map of fish fillets, which shows how much fish change by color, as fish 

spoilage increases, from Reddish-pink color  to pale pink yellow-gray and finally to brown. 

 

Figure 9. RGB of color bar of fillet fish during analysis 
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Figure 10 also shows a grayscale histogram, which shows the color gradients of images of fish fillets 

during the spoilage stages. The histogram consists of two axes, the first is the horizontal axis of three 

regions as follows: the first region represents the light color, the second region represents the medium 

color in the color, and the third region represents the dark color. As a result, by increasing spoil in 

fillet fish the yellow color increase in color map, and the number of frequencies in the right part  that 

represents the light area decreases after the second day of analysis, the second axis is the vertical axis, 

which represents the size that expresses the number of pixels in each of the previous three parts. 

Figure 11 shows  the relation between chemical and physical analysis during the four analysis days 

for fillet fish. 

 

Figure 10. Color map and gray histogram of collective fillet image during analysis days  

 

Figure 11. Charts between chemical and physical analysis during storage days 

Figure 12 shows the four fillet images were used during the four analysis days to determine features 

from edge deduction, when the spoil of fillet increases the noise or pixels decreased in all filters in 

edge deduction that used.  
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Figure 12. Digital image histograms for fillet fishes slice during different analysis days 

3.3. Machine learning model BP-ANN-based for fillet fish inspection 

The BP-ANN network was used for the three different prediction models to predict protein values, 

pH number, and the reference TVB-N from the inputs values that represent in  air quality from 

MQ135 gas sensor for the fillet images. It was found that high regression coefficient between chemical 

analysis (protein, pH, and the reference TVB-N) and physical components (air quality value) in fillet 

through spoilage stages as shown in Table 2.  

Table 2. Performance coefficients of prediction models (BP-NN) 

Model 

No. 

Variables Number of 

samples 

Samples set 

Inputs Outputs MSE R 

1 
Air quality from gas 

sensor 
pH 48 4.15 0.999 

2 
Air quality from gas 

sensor 
Protein 48 1.96 0.973 

3 
Air quality from gas 

sensor  
TVB-N 48 2.02 0.987 

 

3.4. Machine learning model ANFIS-based for fillet fish inspection 
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The ANFIS model was built in order to calculate values of regression coefficient and the Root Mean 

Square Error (MSE) to predict the protein values, the acidity number, and the reference TVB-N values 

for the three models that represent and the TVB-N values produced from the Gas sensor, as shown 

in Table 3. 

Table 3. Performance coefficients of prediction models (ANFIS) 

Model 

No. 

Variables Number of 

samples 

Samples set 

Inputs Outputs MSE R 

1 
Air quality from gas 

sensor 
pH 48 1.94 0.998 

2 
Air quality from gas 

sensor 
Protein 48 3.06 0.859 

3 
Air quality from gas 

sensor  
TVB-N 48 .59 0.999 

Each of the inputs in the chemical analysis (protein values, pH and TVB-N reference values) has 3 

different grades (high, medium and low), and the TVB-N generated by the gas sensor (air quality) 

also has 3 grades of linguistic nomenclature (high, medium and low). It was organic type trim. Figure 

13 shows the fish quality value represented by the ANFIS model and which depends on the inputs 

(protein values, pH, TVB-N reference values and air quality values produced from the MQ135 gas 

sensor). IF rules were also generated in ANFIS as shown in Table 4 and Figure 14. Each value of the 

quality predictor was multiplied by % in order to obtain the output as a percentage. 
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Figure 13. Quality of fillet fish in three different cases (fresh, acceptable and spoil) 

3.5. Estimating quality of fillet fish via fuzzy logic system  

Previous two models: BP-ANN, and ANFIS were used to predict protein values, PH, and reference 

TVB-N, but there is still a need to use a model to predict fish quality. The fuzzy logic model was built 
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based on Mamdani system to predict fish quality. The inputs were chemicals analysis (pH, protein 

and TVBN) and physical analysis (air quality from MQ135 gas sensor). Type of membership function 

for input and outputs were trimf,. Three categories of inputs were (high, acceptable low, acid, neutral 

and alkaline) and the categories of outputs were (fresh, acceptable and spoiled). Figure 15 and Table 

4 illustrate if then- rules were used to determine the quality of fillet fish.   

Table 4. If-Then rules for the proposed scenario. 

No. Rules 

1 IF ‘protein’ IS ‘high’ AND ‘pH’ IS ‘ acid’ AND ‘TVBN’ IS ‘low’ AND ‘air quality’ IS ‘ low’ 

AND THEN ‘quality’ IS ‘fresh’. 

2 IF ‘protein’ IS ‘acceptable’ AND ‘pH’ IS ‘ neutral’ AND ‘TVBN’ IS ‘acceptable’ AND ‘air 

quality’ IS ‘acceptable’ AND THEN ‘quality’ IS ‘acceptable’. 

3 IF ‘protein’ IS ‘high’ AND ‘pH’ IS ‘acid’ AND ‘TVBN’ IS ‘low’ AND ‘air quality’ IS ‘low’ AND 

THEN ‘quality’ IS ‘spoil’. 

 

Figure 14. Membership function of the inputs values and output:  pH, TVB-N, protein and air 

quality from gas sensor, and quality   
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          Figure 15. Predicted fish quality from if then- rules viewer   

4.6. Neutrosophic Logic-Enhanced Fuzzy Logic Inference Systems 

Neutrosophic Logic-Enhanced Fuzzy Logic Inference Systems combine the strengths of fuzzy sets 

and neutrosophic sets to address uncertainty and imprecision from different perspectives [47]. Fuzzy 

logic focuses on partial truth by assigning membership values between 0 and 1, while neutrosophic 

logic incorporates truth, indeterminacy, and falsity through three distinct membership functions [55]. 

This integration allows for a more comprehensive representation of complex real-world issues. 

Neutrosophic fuzzy sets extend traditional fuzzy sets by including indeterminacy, enabling richer 

behavior in uncertain environments [56]. The inference process involves neutrosophication 

(converting crisp inputs into neutrosophic fuzzy sets), rule evaluation using neutrosophic fuzzy 

rules, aggregation of rule outcomes, and defuzzification to produce crisp outputs [57]. For instance, 

assessing fish quality based on freshness and appearance utilizes neutrosophic fuzzy rules to 

determine quality ratings (e.g., poor, good, excellent). Neutrosophic values, expressed as triplets 

(truth, indeterminacy, falsity), capture uncertainty effectively, such as representing medium 

freshness as (0.7, 0.2, 0.1), indicating high truth, some indeterminacy, and low falsity as shown in 

Table 5. This approach improves expressiveness, fidelity, and decision-making in uncertain 

scenarios, despite challenges like computational complexity, data collection, and standardization. 

These illustrative values would need to be adjusted based on specific data and technical expertise, as 

some definitions of neutrosophic sets do not require that T + I + F equals 1. This structure serves as 

the foundation for encoding neutrosophic concepts within the fish quality assessment as shown in 

Figure 16. The chart suggests that the fish is likely to have medium freshness and a good appearance, 

with some level of uncertainty regarding the appearance. 
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In practical implementation, these values would be integrated into the neutrosophic fuzzy rule-based 

system. Neutrosophic logic, as a generalization of fuzzy logic, addresses typical limitations such as 

representing incomplete or contradictory information, while fuzzy logic inference systems provide a 

robust framework for reasoning under uncertainty. By combining these approaches, this strategy can 

deliver stronger and more reliable solutions. 

Table 5. Neutrosophic Values for Input Variables in Fish Quality Assessment 

Input Variable Linguistic Term Truth (T) Indeterminacy (I) Falsity (F) 

Freshness Low 0.1 0.2 0.7 

Freshness Medium 0.7 0.2 0.1 

Freshness High 0.9 0.05 0.05 

Appearance Good 0.8 0.1 0.1 

Appearance Fair 0.5 0.3 0.2 

Appearance Poor 0.1 0.1 0.8 

Quality Very Poor 0.1 0.1 0.8 

Quality Poor 0.2 0.2 0.6 

Quality Okay 0.5 0.3 0.2 

Quality Good 0.7 0.2 0.1 

Quality Excellent 0.9 0.05 0.05 

 

Further research should focus on exploring alternative neutrosophic aggregation operators and 

defuzzification methods, designing efficient algorithms for inference with neutrosophic fuzzy 

information, and applying neutrosophic fuzzy systems to real-world problems across various 

domains. Neutrosophic fuzzy logic offers powerful tools for developing new rule classes and gaining 

insights into the uncertain, gray, and aleatory aspects of complex systems, helping to characterize 

their behaviors, events, and outcomes when integrated into decision-making frameworks. 
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 Figure 16. Neutrosophic Logic-Enhanced Fuzzy Evaluation of Fish Quality 

5. Conclusions 

This study demonstrates the effectiveness of combining electronic nose technology, artificial 

intelligence algorithms, and neutrosophic logic to assess fish quality. Two predictive models were 

used: a neural network model and the Adaptive Neuro-Fuzzy Inference System (ANFIS), based on 

chemical and physical analyses, including protein levels, pH, and TVB-N values, as well as data from 

an MQ135 gas sensor. The neural network model achieved the highest regression coefficients, 

indicating its superiority for predicting fish quality. Both fuzzy logic and ANFIS models proved to 

be reliable, non-destructive methods for assessing fish quality. Image processing techniques, 

including color mapping and edge detection, were also applied to visualize spoilage stages. The 

introduction of neutrosophic values for input variables such as freshness and appearance added 

further depth to the analysis by incorporating dimensions of truth, indeterminacy, and falsity, 

improving the accuracy of the quality assessment. Neutrosophic fuzzy inference processes, including 

neutrosophication, rule evaluation, and defuzzification, enhanced expressiveness and fidelity, 

allowing for a more precise representation of real-world uncertainties in the evaluation of fish quality. 

Ultimately, the integration of these technologies provided a robust, cost-effective, and non-

destructive solution for detecting spoilage in fillet fish, demonstrating the potential for advanced 

decision-making in food quality assessment. 
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