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Evaluation Method of Iced Pomfret Freshness Based on Improved SSD
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Abstract; Ensuring the quality and safety of iced aquatic products is the key to improve the benefits of
the aquatic industry. Traditional aquatic product freshness evaluation faces the following challenges:
complicated operations, samples destruction and low efficiency. An effective and scientific method is
urgently needed for aquatic products cold chain system. To solve the above problems, an improved object
detection network SSD was proposed to realize the sensitive area location and pomfret freshness
evaluation. Firstly, image datasets of iced pomfret freshness grade was established based on
environmental factors-pomfret image-total volatile basic nitrogen (TVB-N). The image data of pomfret
was collected according to the physicochemical index TVB-N of pomfret freshness at a constant
temperature of 0°C , with days as the unit of time. Then, the samples of pomfret images were expanded
with data augmentation and marked by Labellmg, annotated image datasets of iced pomfret were provided
for freshness detection. Secondly, based on prior knowledge, the eyes and gills of the pomfret were
chosen as region of interest. Considering the trade-off between detection accuracy and speed in cold chain
application, one-stage object detection network SSD performed better. SSD significantly improved the
performance by replacing the backbone network and designing adaptive prior boxes. The improved SSD
reached mean average precision of 98.97% and 99.42% on the golden and silver pomfret datasets
respectively and the detection speed reached 37 frames per second. The results met the demand for real-
time and assessment accuracy in application scenarios, and enabled low-cost, efficient and accurate
assessment of pomfret freshness.
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Fig.2 Image data augmentation of silver pomfret
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Fig.6 Example of pomfret freshness grade detection
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Tab.6 Influence of designing adaptive prior boxes on SSD network performance

LIS . LR JE I AE TR B/ % SRS A B2/
4 it eyel eye2 eye3 gilll gill2 g3 /% (sl
SSD VGG - 16 ¥ 84.01 81.56 88. 14 99. 09 96. 99 98.37 91.19 36
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" SSD - ResNet ResNet — 50 = 98.91 94.19 98.99 98. 62 94.17 96. 64 96. 90 34
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Tab.7 Results of each model in golden pomfret test set

- —— :Fﬂilfl%g/‘%f . . qzig*%fﬁ 6 0 3 1/

eyel eye2 eye3 gilll gill2 gill3 I/ % (Wi-s™)
VGG —16 98. 60 92.51 99.27 98.26 91.03 99.57 96. 54 13
Faster R — CNN ResNet — 50 99.72 98.55 99.78 99. 96 99. 89 100 99.70 11
ResNet — 101 99.22 98.59 99. 44 99. 94 99. 80 99.99 99. 48 6
YOLO v3 Darknet — 53 95.07 92.55 96. 23 95.24 94.01 95.34 94.51 76
VGG - 16 84.01 81.56 88. 14 98. 09 96. 99 98.37 91.19 36
Ssb ResNet — 50 98.91 94.19 98.99 98. 62 94. 17 96. 64 96. 90 34
DA_SSD — ResNet ResNet — 50 99.56 97. 60 99. 67 99.28 98.55 99.34 98.97 37
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