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Introduction

This paper focuses on the importance of shrimp quality, which is a favorite among consumers
worldwide. However, seafood can quickly spoil under unfavorable storage conditions due to its
nutrient content, water content, and weak connective tissues. Spoilage of seafood results from the
rapid proliferation of microorganisms in seafood stored under inappropriate conditions, especially with
the effect of temperature, causing changes contrary to consumer preferences, especially odor in
seafood. It has been reported that spoilage microorganisms in seafood generally belong to
Pseudomonas spp., Enterbacteriaceae, Vibrio sp, Lactobacillaceae, and Bacillaceae groups. The most
important challenge in the seafood industry is their high spoilage potential (Shamaei and Roomiani,
2021). Predictive microbiology can determine the dynamics of microorganisms with respect to
environmental factors and is one of the most widely used rapid methods to determine the shelf life,
quality, and safety of seafood. Predicting the shelf life of seafood is crucial to maintaining their quality
and safety throughout the supply chain (Kumarave ef al., 2025). Recent advances in non-destructive
technologies such as spectral imaging and nuclear magnetic resonance spectroscopy have overcome
some of these limitations, but their widespread application remains a challenge. To overcome these
obstacles, the seafood industry is increasingly exploring the use of machine learning and deep learning
techniques, which have shown great potential in assessing food quality, reducing subjectivity, and
enabling real-time decision-making (Rokhva et al., 2024). These technologies can improve the
accuracy and efficiency of seafood freshness detection while minimizing manual intervention and
providing much faster results compared to traditional methods (Cui et al., 2024). Machine learning

algorithms that can predict the quality and shelf life of seafood products are also used in predictive
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microbiology. Machine learning algorithms have attracted much attention in various fields due to their
advanced feature learning capabilities, making them a promising alternative for improving model
performance in food quality and safety assessment. By reviewing studies, it was observed that
algorithms such as Random Forest, Decision Tree, k-Nearest Neighbors, AdaBoost, and Gradient Tree
Boosting can predict seafood quality (Giirfidan et al., 2024).

Methodology

Pseudomonas spp. and Total Viable Count (TVC) values were analyzed to determine. The amount of
TVB-N in shrimp muscle was measured by distillation method according to the standard (AOAC,
1995). This study investigated predictive microbiology models using machine learning algorithms
such as Random Forest, Extra Tree, k-Nearest Neighbors, AdaBoost, Gradient Tree Boosting, and
Support Vector Regression to predict the shelf life of shrimp. The success metrics and test graphs
obtained because of these trainings were interpreted and the most successful algorithm from the
experiments was determined as the Support Vector Regression model. The inputs of the machine
learning model are time and temperature values. It was evaluated how to augment data in a laboratory
study to evaluate the shelf life of shrimp at different temperatures, how to prove the consistency of
augmented data with the original data, and how to optimize successful machine learning methods for
problem-solving processes. Based on these values, TVC, Pseudomonas spp. and TVB-N values are
estimated. The results obtained provide powerful data for the prediction of the shelf life of shrimp.
Results

According to the results of the research, the initial number of the bacteria varied between 2.7 and 3.5
log cfu/g in whole shrimp stored at different temperatures. The highest initial value was observed at
10°C. Pseudomonas spp. numbers increased with storage time and the highest value was reported as
7.9 log cfu/g. Ntzimani et al. (2023) investigated the effect of ice on transportation and storage quality
in seabass fish. The researchers reported an initial Pseudomonas spp. value of 2.0 log cfu/g in shrimp,

lower than the values obtained in this study where different algorithms were tested. Figure 1 shows the

scatter plot of the original data set, where a part of the data set is Pseudomonas spp., b part of the data
a i e

set is TVC bacteria and ¢ part of the data set is TVB-N.
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Figure 1: Temporal changes in microbial and chemical spoilage indices of Litopenaeus vannameibased on the original
experimental data during storage at 0, 4, and 8°C. Different letters indicate significant differences among
temperatures within each storage day and among storage times within each temperature treatment (p<0.05; Tukey’s
test).
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Figure 2 shows the scatter plot of the new data set after the data augmentation was applied. When
analyzed figuratively, it is seen that the trend line on the temperature, time, and log graphs is quite
close to each other in both. The small differences observed in the column graphs will be explained by
the numerical values measured in the similarity metrics. Data augmentation has been reported by

researchers to be a method that plays a role in predicting data at points that are not tested and in
making more accurate and reliable classification.
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Figure 2: Original data set scatter plot
Discussion and conclusion
These results indicate that machine learning methods can be a fast, powerful and effective tool for
predicting shrimp shelf life. In addition, it should be emphasized that the number of input parameters
such as temperature, number of bacteria, volatile nitrogenous bases are very important to increase the
data for the development and application of machine learning algorithms. Gowda et al. (2023)
investigated the determination of freshness in edible seafood using IoT and machine learning
techniques. The researchers tested machine learning algorithms such as Dense Net Algorithm and
Efficient Net Algorithm while determining the freshness of the seafood products they used. According
to the results of the research, Efficient Net and Dense Net Algorithm reported accuracy rates of 0.085
and 0.075, respectively. Compared to the studies in the literature, it was observed that machine
learning algorithms produced successful results in determining the quality, shelf-life prediction, and
freshness classification of seafood products, although there were methodological differences in this
study. Recently, Hou et al. (2025) performed non-destructive detection of quality changes in shrimp
using the YOLO algorithm. The researchers obtained high correlations of 0.88 and 0.81 through the
TVB-N and TVC levels of shrimp. In another study, researchers aimed to determine the freshness
values of various seafood products in real time. In this context, the authors used four different machine
learning algorithms, namely neural network, genetic algorithm, extreme learning machine, and radial
basis function neural network. According to the results of the study, it was reported that the genetic
algorithm and neural network models showed higher accuracy in predicting the shelf life of various
seafood products. Among the four different machine learning algorithms, it was also reported that the
neural network model had an R? value of 0.99 and was shown to be the best model fit (Cui et al.,
2024).
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2 Support Vector Regression (SVR)
3 Support vector machines (SVM)
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Table 1. Hyperparameters evaluated, tested values, and selected optimal values for the SVR model using the
GridSearchCV approach.

Hyperparameter Values tested in GridSearchCV Selected optimal value
Kernel type linear, rbf, poly Rbf
Penalty parameter (C) 0.1, 1, 10, 100 100
Kernel coefficient (gamma) scale, auto Scale
Width of the insensitive zone (epsilon) 0.01,0.1,0.2,0.5 0.01
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Figure 1: Temporal changes in microbial and chemical spoilage indices of Litopenaeus vannamei based on the original
experimental data during storage at 0, 4, and 8°C. Different letters indicate significant differences among
temperatures within each storage day and among storage times within each temperature treatment (p<0.05; Tukey’s test).
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Table 2: Variation of P. aeruginosa, TVC and TVB-N in vannamei shrimp stored at different temperatures

Bacteria

Storage temperature (°C)

Nmin — Nmax (lOg cfu/ g)*

P. aeruginosa

Total Viable Count

Total Volatile Basic Nitrogen

0

o K~ O o

0
4
8

3.5-53
2.7-7.1
3.5-79

3.5-79
3.2-85
3.1-8.7

Nmin — Nmax (mg/ 100 g)*

8-45
8.5-65
8-73

Wi polie @Slas g J8los> eaiwsylis Nmax ¢ Nmin®

* Nmin and Nmax representing the minimum and maximum limits.
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Figure 3: Augmented dataset scatterplot
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Table 3: Mathematical inferences from the original dataset vs. augmented dataset for TVC and Pseudomonas spp.

Original Augmented Original Original
Metrics temperature  temperature time ‘:‘il:f;n(g:;;] (log cfu/ %zgnclgl/tg
(°O) (°O) (Day) g)

Count 12 158 12 158 12 158
Mean 4.00000 4.03797 7.5 7.75316 5.25000 5.30738
Std 3.41121 2.50066 5.83874 4.36355 1.68658 1.12893
Pseudomonas Min 0.00000 0.00000 0.00000 0.00000 2.70000 3.14000
Spp. 25% 0.00000 2.00000 1.25000 4.00000 3.65000 4.44633
50% 4.00000 4.00000 7.50000 8.00000 5.00000 5.30850
75% 8.00000 6.00000 13.75000 11.00000 6.90000 6.07833
Max 8.00000 8.00000 15.00000 15.00000 6.90000 8.29000

Count 12 158 12 158 12 158
Mean 4.00000 3.96202 7.5 7.55063 6.05000 6.06245
Std 3.41121 2.44138 5.83874 4.06962 2.13009 1.55435
TVC Min 0.00000 0.00000 0.00000 0.00000 2.10000 3.18125
25% 0.00000 2.00000 1.25000 3.75000 3.60000 4.66671
50% 4.00000 4.00000 7.50000 8.00000 6.50000 6.19510
75% 8.00000 6.00000 13.75000 11.00000 7.90000 7.35875
Max 8.00000 8.000000 15.00000 15.00000 8.70000 9.05312
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Table 4: Mathematical inferences from the original dataset vs. augmented dataset for TVB-N

Original

Augmented

. Original Augmented Original Augmented
Metrics temperature temperature . .
©C) ©C) time (day) time (Day) mg/ 100g mg/ 100g
Count 12 158 12 158 12 158

Mean 4.00000 3.93038 7.5 7.24683 37.20833 36.05551
Std 341121 2.41048 5.83874 4.58145 23.33692 17.50909
Min 0.00000 0.00000 0.00000 0.00000 8.00000 8.42083
TVB-N 25% 0.00000 2.00000 1.25000 4.00000 12.12500 22.76750
50% 4.00000 4.00000 7.50000 7.00000 37.50000 33.97958
75% 8.00000 6.00000 13.75000 11.00000 59.50000 96.19500
Max 8.00000 8.00000 15.00000 15.00000 73.00000 80.73333
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Figure 6: Success graphs of trained models Pseudomonas spp. and TVC (Ratio of actual data to predicted data to the
centerline)
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Table 5: Test results and error metric values of machine learning algorithms

Algorithm Bacteria type Chemical Properties
and Pseudomonas spp. TVC TVB-N
metrics R’ RMSE MSE MAE R’ RMSE MSE MAE R’ RMSE MSE MAE
Extra Tree 09402 02795 00781 02233 09484 03602 0.1297 03066 09004 52778 27.8552 4.1385
KNN 09826 0.1506 0.0226 00995 09845 02085 0.0423 0.1658 09829 23718 56257 18222
R}fgfe‘;“ 08690 04137 0.1702 029800 0.8694 05732 03286 04557 08190 7.1165 50.6448 5.7826
Gradient 5o 02471 00610 01749 09538 03408 01161 02603 09696 29124 84823 22933
Boosting
AdaBoost 09665 02091 00437 0.1491 0.8298 05034 02543 03709 09732 27352 74816 19903
Support
Vector 09828 0.1502 0.0225 0.0889 09928 0.1337 00178 0.1058 09940 12895 16629  1.1305
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