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Shrimp vitality detection based on computer vision and XGBoost

FENG Guoful?, WANG Feng*?, CHEN Ming'?"

(1.School of Information, Shanghai Ocean University, Shanghai 201306, China; 2.Key Laboratory of Fishery
Information, Ministry of Agriculture and Rural Affairs, Shanghai 201306, China)

Abstract: Based on computer vision and XGBoost, a method of shrimp vitality detection was proposed by taking Penaeus
white shrimp as the research object. Firstly, track the movement trajectory of shrimp before and after stress to extract the
movement behavior parameters. The color characteristics of shrimp were extracted according to the stressful red body
phenomenon. Secondly, extract the texture characteristics of shrimp with water surface fluctuation forming under stress
by using gray scale co-generation matrix, and use XGBoost algorithm to filter the evaluation factors, and determine the
best weights of the evaluation factors by weighted fusion. Finally, the shrimp vitality intensity was detected according to
the fused features. The results showed that the decision coefficient of the proposed method was 0.905 6 and the
recognition accuracy was 98.61%, which improved by 6.63%, 2.05% and 1.61% compared with the single color, single

texture and combined optical flow and texture methods, respectively.

Keywords: shrimp vitality detection; computer vision; XGBoost; feature fusion
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Table 1 Values of color characteristic parameters for HS model of shrimp stress response

ST s H 7R IESEE S SR ESEH
H1 H2 H3 S1 S2 S3
ST 0.1027~0.1038 0.0255~0.0281  0.0388~0.0580 0.3901~0.3922 0.2121~0.2139 0.057 2~0.059 8
RIS 0.1010~0.1044  0.029 1~0.0574 0.0594~0.1327 0.3929~0.4041 0.2124~0.2218 0.054 8~0.067 4
ZWSE 0.1014~0.1032 0.0252~0.0348 0.0448~0.0827 0.3807~0.3858 0.2094~0.2118 0.048 9~0.052 8

H1. H2. H3/»5HCFRIMA H A —BaE . —BdE . —BidE; S1. S2. S3 MUFRIMA S /M —BaE . —BdE . =B,

e 1 a1, HL, S3EEX MIfffEi L HE,
HOAI HL. S3, ¥ S1. H2. S2. H3 Ve Nl
fE, i F3, F4, F5. F6,

1.2.3  ¥FARSIR4FAEIR IR
HR PG AA O s BE UG AT, KRN R R kst

BAT AN DTS AEE , L
LR , DR IHGE i Far I A R RS GLCMIP O R
FUGLCHRHIE, 70BN 4 D7 fe e st | ., 5k
L ARHEIAT 16 DMRHIEEDRRAE RSO E
SNOST MR RAAT e IR R RIS ) T3k 2,



220 RN R RS

http://xb.hunau.edu.cn 20234 4 H

R2 XU RLAETE ER A R S B E

Table 2 Eigenvalues of grayscale co-occurrence matrix in images of shrimp before and after stress

e RERLFFIE N i YRR T
zacns "0 TRME RAE THE RN AR THE RME GAE  PHE GBME GokE PR
Z R 0 0.065 0.073 0.069 3.164 3.260 3.206 0.290 0.366 0.316 0.068 0.074 0.072
45 0.058 0.066 0.062 3.330 3.443 3.383 0.491 0.642 0.553 0.067 0.073 0.072
90 0.064 0.072 0.067 3.210 3.309 3.252 0.336 0.423 0.368 0.068 0.074 0.072
135 0.058 0.065 0.061 3.340 3.439 3.386 0.497 0.614 0.544 0.067 0.073 0.072
Z ik 0 0.072 0.078 0.075 3.112 3.183 3.149 0.245 0.308 0.273 0.068 0.074 0.072
45 0.064 0.071 0.068 3.278 3.356 3.318 0.420 0.527 0.468 0.067 0.073 0.071
90 0.070 0.077 0.074 3.147 3.224 3.190 0.282 0.353 0.316 0.068 0.074 0.072
135 0.064 0.071 0.067 3.274 3.351 3.318 0.412 0.518 0.469 0.067 0.073 0.071
ZE 0 0.061 0.077 0.066 3.138 3.317 3.237 0.283 0.391 0.329 0.073 0.091 0.080
45 0.054 0.070 0.060 3.313 3.496 3.413 0.486 0.667 0.562 0.072 0.090 0.079
90 0.060 0.077 0.066 3.173 3.354 3.272 0.323 0.441 0.372 0.072 0.090 0.079
135 0.054 0.070 0.060 3.306 3.487 3.410 0.488 0.656 0.565 0.072 0.090 0.079

Jralfh 0 TRAT MG A S AR FRI A e A

HH 2 2 AT, IR RSN Fi S SO B
[ff 0 & 0=, 45° 90° 135TFAYAEfbARL, ik
507 ] LI RESE . . VIR R DG Sy s
FEAE, 2 F7. F8. F9. F10.

1.3 XGBoost Ejx

XGBoostI 71 1T CARTUIE![a] I b A5 78 1) 25 %4
Bk, il CART BRI A 2as . Sk
F XGBoost F kit iE M R, RAIA LS
WE SV AR, S8 Al A R RRAE SR A
TE IR . AR 1 PR

PR (4 Bt

PR gk

|| waian | [ HsvEig | |GLCM§(EI|

LA T RS

1 XGBoost B3£I
Fig.1 Flow chart of XGBoost algorithm

2 HR5SH
2.1 MR SISBREREFFERI TR 1L

5T XGBoost Sk A RNE, NG g —HEA
MGETT A, XPEEEETIA— 1A 38 . MR X AR
NGB . SORARIESE, sEHCH A 150 4
A F, AEASETRL AR 10 MoE, $BLA H R b ks

MR . anfEl 2 frs .

—F3

Gk ERR(E
i
- =
/7
=3

'01 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97 103 109115121127133139145151
I i) 5
F8 —F9 F10

—F7

BOPREAEA

1
17 13 19 25 3137 43 49 55 el\g\s\i\ns{ug\:::is 109115121 127133139145 151
I ] 5
B2 EFEGFEAITERAIMIT AT
Fig.2 Change curves of image features for shrimp under stress
M 2 ATRIE H, RO F3. F4, F5,
F6 . F7 FRRAIEAELRE A 0 B LA 7 o 8 B8 e i i 49
K, F8. F9. F10 FHEAEFEINIA T A5 BE iR 1M
BN 0~60 M [A] A kAL AL 2248, XTURAET A S
HRAS, RAZINARNEL; 61~110 BHE A, HhZkAEfk
B, I XTERAZ SIS SR 7E55 110 AR A
ZJa MEALAB W22, AN L, X ERZ
PRIL Z BB 3RS
2.2 £T XGBoost 7E SN E FHIRAE
iz Fil XGBoost # 3%t F1 % F10 4t 10 4B ARk
Froy 2R BIBIRBSCN 3, # R 0.1, &
PRUEEH 50, L2 IEMAEIRIAE B 1, HAh
AN, IR RN 3 PR,

0.0



55 49 5 2 )

WEES TP XGBoost FrMRMAIE Il 221

1.0r
0.9r
0.8f
0.7F
0.6r
0.5r
0.4

ool

F1. F2 F3 F4 Fi |:F6 F7 F8
B8
3 #ET XGBoost BAMEIFHEEREEM
Fig.3 Feature importance results based on XGBoost algorithm
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Table 3 Recognition accuracy and time consuming of shrimp
vitality dependent on the fused features of XGBoost

A T

[1 1 [

F9 F10

algorithm

FHEAE PO HERR R 1% FERT/s
F7 95.08 0.126 8
F7+F5 96.26 0.089 8
F7+F6+F5+F4 97.25 0.094 5
F7+F6+F5+F1 98.09 0.0953
F7+F6+F5+F1+F4 97.98 0.118 3
F1+F2+F3+---+F10 98.02 0.1537
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Table 4 Weighted fusion of shrimp vitality evaluation parameters
b5 a a as a,  MERRE%
1 0.50 0.20 0.15 0.15 91.25
0.40 0.23 0.17 0.20 95.68
0.35 0.26 0.22 0.17 98.61

2
3
4 0.32 0.31 0.23 0.14 98.12
5 0.30 0.35 0.25 0.10 97.88
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Table 5 Comparison of different methods of shrimp vitality detection

ik K VR 2R 1% FEAYFEASINTARL B4 ) fs RE AL
FF R — B 91.98 16 0.3039 0.605 8
TR — SRR 96.56 8 0.140 6 0.784 3
TR S SO RE )i 97.00 0.405 8 0.8242
XGBoost 98.61 4 0.098 3 0.905 6
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Table 6 Comparison of shrimp vitality detection for different models

(il K AERR1%  FEOFEAIIEL 84 5Rf1al/s
XGBoost 98.61 4 0.098 3
KNN 95.27 10 0.836 7
SVM 96.83 6 0.6151
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