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Diseased Shrimp Identification Method Based on
Adaptive Convolutional Neural Networks
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Abstract; To solve the problem of weak generalization caused by diversity of source of shrimp samples, a
novel shrimp features difference model based on shannon information theory was proposed. The model was
actually a recognition framework, calculating hyper-parameters based on deep convolutional neural
network ( DCNN) using entropy reduction rule with multi-source datasets. This rule can clear up the
special information entropy from the random input to regular output, breaking the data types changing
from three dimensional input to one-dimensional output, realizing dimensionality reduction of shrimp
image reducing from high dimension space to low dimensional space. Thus, the DCNN adaptive
optimization strategies can be acquired to improve the generlization effectiveness of recognizing diseased
shrimp from multiple sources. The experimental results showed that the proposed method in a single
dataset can achieve highest accuracy of 97.96% . The generalization experiment was also tested through
other four shrimp image datasets, and the generalization precision falling scope was no more than
5 percentage points.
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Tab.1 Shrimp image samples acquired from different

shrimp cultivation areas of China i

XPURRe HOMGIID AR R AT WEME FOET
PARAE (HdlegE 1) (Bdede 2) (Hdlagk 3) (Bdide 4) (Hdlask s)

SHIV 38 0 0 0 33
LSNV 42 0 0 0 32
TSV 23 3 1 2 30
PVNV 0 0 64 75 0
WSSV 2 4 58 67 3
CMNV 0 0 92 54 0
IMNV 0 50 0 0 0
HPV 0 45 0 0 0
THHNV 0 36 0 0 0
fk B R 3108 2370 3574 2 864 2106
Bk 3213 2508 3789 3062 2204
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Tab.4 Generalization results of different datasets

%

Bols RdE o B BdE Bl
%1 2 %3 4 %S

28

UK BE 95.90  96.87 95.26 96.18  97.96
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IR Z ALK RE  95.42  96.83  93.72  96.12  97.10
AR i + 96.15 97.54  96.65 96.04  97.92
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entropy in different datasets
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Study and on-line verification for shrimp classification algorithm based on machine vision technology [ D ].
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