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Generative Al-Based Freshness Explanation Generation and Sensory
Inspection Support System for Seafood
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Abstract

We propose a system that combines vision-based freshness analysis with generative Al-based explanation generation to support
sensory inspection of imported seafood. The proposed system analyzes the whole body and key local regions through color
calibration chart-based preprocessing and VFNet-based region of interest detection, and simultaneously predicts freshness grades and
chemical indicators, including pH and VBN. In addition, a generative language model integrates the sensory inspection score sheet,
multi-rater results, model predictions, and input fish images to support final freshness judgment and generate natural language
explanations. Through this framework, the system provides explainable sensory inspection support results that reflect both
quantitative indicators and sensory evaluation criteria. Experiments on five fish species achieved final accuracies ranging from
82.98% to 87.77%, demonstrating the feasibility of generative Al-based judgment support and explanation generation.

Keyword : Generative Al, Seafood Freshness Evaluation, Sensory Inspection, Explainability, Multitask Learning
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Table 1. Number of Images by Fish Species and Captured Region
Fish Species Number of Fish Whole Body, Eye, and Gill Images Cut Surface Images Total
Salmon 154 22,176 2,228 24,464
Monkfish 255 29,340 2,280 31,620
Mackerel 276 41,952 2,208 44,160
Flounder 219 17,520 1,752 19,272
Pollock 392 59,664 3,136 62,800
Total 1,296 170,652 11,664 182,316
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Table 2. Database Storage Items
Category Stored Items
Image Information Image filename, storage path, sample 1D
Metadata Fish species, captured region, lighting condition, shooting angle
Region Annotation Bbox coordinates

Shape, color, eye, cut surface, selection, gill, dryness, off-odor, freshness

Sensory Evaluation Scores (detailed items may vary depending on fish species)

Evaluator Information Evaluator 1, Evaluator 2, Evaluator 3
Chemical Indicators pH, VBN
Final Label Aggregated final freshness value

E 3. 0{ZY train, validation H|0|E| £& Zz}
Table 3. Train, validation split results for each fish species

Fish Species Train images Validation images Image-level split ratio Train folders Validation folders
Salmon 4,811 1,064 81.9:18.1 134 30
Monkfish 7,330 1,836 80:20 204 51
Mackerel 7,920 1,977 80:20 221 55
Flounder 8,381 2,268 78.7:21.3 251 63
Pollock 10,958 2,997 78.5:21.5 244 82
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Table 4. Implementation settings of the generative Al explanation module

Item Setting
Model GPT-40
Prompt structure System prompt and user prompt

Assigns the model the role of a seafood sensory-inspection assistant, constrains explanations to the sensory inspection
rubric, and enforces JSON output format

Provides the fish species, vision-model predictions, part-level scores, predicted pH/VBN values, evaluator scores used
for analysis, and sensory inspection rubric

System prompt

User prompt

Qutput format Structured JSON schema based output
Decoding setting temperature=0.3, max_tokens=1024
Hallucination Prohibits generation of information not provided in the input, requires reflection of sensory rubric items, and applies
mitigation JSON parsing and required-field validation

E 5 WME A MY 250| UE Y

Table 5. Input and output structure of the generative Al explanation module

Category Field Description
Input Vision freshness score Freshness score predicted by the vision model
Input Part-level scores Freshness scores predicted from each region of interest
Input Chemical indicators Predicted pH and VBN values from the multitask vision model
Input Sensory rubric Criterion texts for each sensory inspection item
Optional input for analysis Evaluator scores Individual and median sensory scores from three evaluators used for agreement analysis
Output Auxiliary freshness score Decision support information generated by the language model
Output Vision agreement Agreement between the vision prediction and evaluator median
Output Explanation Natural-language explanation of the freshness decision
Output Key sensory factors Main sensory cues used in the explanation
Output Key chemical factors Predicted pH and VBN used as supporting indicators
Output Rubric citations Sensory rubric items cited in the explanation
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Fig. 15. Grad-CAM visualization results for Monkfish cut-surface images. (a) Score 2, (b) Score 5
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(b) Score 4

T2l 16. 7ixt0] MM ARof CHt Grad-CAM A|Zta} Z3f (a) 2K, (b) 48
Fig. 16. Grad-CAM visualization results for Flounder cut-surface images. (a) Score 2, (b) Score 4



HAE 9 49 ARE AL 7 £AE AT AR A 2 BEAA AL A2" 633
(Chaeyoon Baek et al.: Generative Al-Based Freshness Explanation Generation and Sensory Inspection Support System for Seafood)

A Ze] 2% 4 W8 992 FHOE heatmapo] ¥ o] F2 Wi BT LSS Tl

FHgomM, 43 Aol FARe Baw 243 1 3

4 ofy
%0,
)

7] migell, REE e R §4, $AF FHe g o] of F& WA g A activation®] F3EHA LEFSTH
A, 24 ] gt 2 e THHE 48T A Teo] A 3 F5 A o T2 2F o] A A
o= sHdEn st A= Astell whel Ee-§ FHo] A Mshy W
19 162 7HA] Aol tigk Grad-CAM A 2ks} 2 F9le] WAool A oR FuHA 4 qlth 27 Akl oA
I UERTE 7ERb) 9] A9 activation©] AEH SR T olF TN HFLR oo ofF& WA g9
o 25 245 FAHLE FAEUT T e o < wet heatmap©] FAENL, 44 AtdleA = Add &
T ofFol mia) W Ao] 5 4] WA Exsa, w1 Gl F 2AF FH 25 Al activation©] 59
gl FEge] vl FEHAA depdth 238 Aol = M 24 W, W FH 24

el

g

W 2 Gl activation©] FAE A o] A= EHo 19 182 Wef Aol tha Grad-CAM |23t 43
7PApu] Al A A7) ARG o % w9 A #d S vekdoh gEle] B9 A7) 24 Ee WA g0l
3, 38, s, 24 A WskE $ACR v ilee 29E Tl activation©] sl HFHUT. HEl=
ol E BF 2 allE APl 19 Ax, A g, R wst

19 172 5ol Al gk Grad-CAM A 7ks} 2 7F A vEhe = e, 59] A7) FHRe) A Wit
IE vehdth Lgeie] A W 24 Be 285 7 AN T At T3 AlZE @X7E E 5 vk 23 Alglel

(a) Score 2 (b) Score 4

T2l 17. 150 M AR{ofl CHSt Grad-CAM A|Zta} Z3 (a) 2K, (b) 44
Fig. 17. Grad-CAM visualization results for Mackerel cut-surface images. (a) Score 2, (b) Score 4

T2 18. HEf MCHH AR(ofl CHSH Grad-CAM AlZtsl Z3f (a) 2&, (b) 4H
Fig. 18. Grad-CAM visualization results for Pollock cut-surface images. (a) Score 2, (b) Score 4
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Fig. 19. Grad-CAM visualization results for Salmon cut-surface images. (a) Score 1, (b) Score 4
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Table 8. Example of generative Al-based freshness explanation

Category Content
Initial vision-based freshness
L 3/5
prediction
Part-level median predictions Eye: 3, Gill: 3, Whole body: 3
Chemical indicators pH: 6.44, VBN: 16.7 mg/100g
Integrated evaluator GT 3/5
Auxiliary freshness score 3/5

The vision model's freshness prediction of 3 points agrees with the median score of the evaluators. The
eye corresponds to score 3 because it is flat and the cornea appears milky white. The gill is evaluated
Generated explanation as score 3 because its color has gradually faded and a large amount of mucus is present. The skin
surface is also evaluated as score 3 because the surface color is faded, turbid, and milky. The
measured pH of 6.44 and VBN of 16.7 mg/100g are consistent with freshness score 3.
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