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1.Target area 2.Captive pond 3.Camera 4.Video recorder 5. Wireless router
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Fig.1 Video capture platform diagram
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Table 1 Feeding time per round and average feeding time per round of perch s
AL K EL Number of days of test records
IS [a]
Time of feeding ERPN EPR HIR ERPR ERPN EXATS ENEN
Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7
44 48 41 65 53 49 51
40 47 75 68 60 67 59
75 79 120 77 97 93 75
97 85 102 103 90 112 101
86 87 114 95 130 127 135
115 115 112 135 42 45 56
?B}ifﬁﬂfrllﬂ 133 160 65 61 66 67 71

Feeding time per round
60 64 86 63 82 86 86
70 79 82 83 105 115 106
93 88 95 105 117 140 128
102 113 98 90 160 163 146
126 122 128 122
186 142 131 134

P RS RIS (]
Average feeding time 91 94 95 96 92 97 92
per round
e “7 RRZRRA R,
Note: “-” means that no feed was fed for that round.
sk P “YLER” B “ARULR” BT 6 000 K, IR RISCR
e water splash produce Part of the remaining feed on —
by perch feeding the water surface %ﬂﬂﬂé 2 F ﬁ 7o
N -

—7\

a. il b. 1 c. 55
a. Strong b. Medium c. Weak

B2 #apmFR
Fig.2 Perch appetite rating
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Ire N T IREBERIZAGEE ST, YIZRAER FH 28 4R I LA 30
Wom )y AT Y 7, BdEsg sy N EFEE A LB |
BEMLEBY . W Insn e /= . i s DUE N 0, T EN
0.001 BEATIRIN. BEAh, DABER. FIRAVNE B, =
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SR o NI [F] RS R 5 SR 52,
AW T B R R B3 5 v I SR AR s gk — 2D 1
i, A EEE S AR REL R R
FXFLLRE . BERSIMRWE 3 fir, BRE&EER )
Bm T ERAEARRSHER, #— DR m sz
B Ts. IGEL T HHE M54 12 000 R E A, H
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b. Cloudy

c. Rainy

Y e

f. Rainy + color dithering

e BRI
e. Cloudy + color
dithering
B3 RERAEAEHHD
Fig.3 Different weather picture color dithering
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Table 2 Production of starvation status dataset for perch

T A A
Dataset Total number of
Data set Number of sample
category sample
T 1) 6 000
U!I’E% LA 12 000
Training set ek 6 000
BFAE Lk 1000 5 000
Validation set FEYLIEK 1000
DR 1) 1000
YIS LTk 2 000
Test set FEVLR 1 000
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3.1 ETF MobileNetV3-Smal | Byt IEEIKASH %

AT ST VEEL MobileNetV3-Small 1F Jyfifi 4 5 £0R 7
432K . MobileNetV3-Small /& MobileNetV32! £ 31
— KB EREM L, 1EHFARERERE 3 % & R
W& ABE R S512x512x3 B A {E A
MobileNetV3-Small # A 4 N o & et 4\ B 04T b
G, BRI 3x3, BREANECN 16, G RE
N h-swish, BKN 2. #— AR R 1) 256x256x16 FFHIE
HINF]—F51 block HotH, HAaHE 3 MERZN 3x3
REEE TR block FITH 8 NERE N 535 IREHIK
block #.78, 55K/ N 16x16x96 IHFE. SR 5@ 1x1
2 AU A IEEAT TR 4E, 1531 16x16%576 FIKFAE .
PB4 e T Ry it A PRV R AE A Ry — o [ BARAE . B
22 A 1x1 P HEBREEE] 2 NSRBI R
MobileNetV3-Small #& A& 45 f 41K 3 Fios.

#& 3 MobileNetV3-Small E{KkLEHy

Table 3 MobileNetV3-Small overall structure
VR AR

# ok

LIPN 238 T4 4 15 i S P S :

Input Operator Expsize #Out SE NL Stride
512’x3  Conv2d, 3x3 - 16 - HS 2
256°x16  Bneck, 3x3 16 16 \ RE 2
128’16  Bneck, 3%3 72 24 - RE 2
64724 Bneck, 3x3 88 24 - RE 1
64°x24 Bneck, 5%5 96 40 «/ HS 2
32%x40 Bneck, 5%5 240 40 «/ HS 1
32%x40 Bneck, 5%5 240 40 «/ HS 1
32%x40 Bneck, 5%5 120 48 «/ HS 1
322x48 Bneck, 5%5 144 48 \ HS 1
322x48 Bneck, 5%5 288 96 \ HS 2
167x96 Bneck, 5%5 576 96 \ HS 1
167x96 Bneck, 5%5 576 96 \ HS 1
16°%96 Conv2d, 1x1 - 576 \ HS 1
16*x576  Pool, 16x16 1
1’x576 Conv2d, 1xI,NBN - 1024 - HS 1
1°<1 024 Conv2d, 1x1,NBN - 2 - 1

Ee C7 RORZBEAREHAT R RIARAE; ¢ V7 RORZE M TIER R

(SE) ; {E#fE (Operator) H, “Bneck” & MobileNetV3 [#] block ¥ 7T,
“3x37 FoRZFMARERZARN,  “NBN” ZRizEZERAEHHEA
—1{k (Batch Normalization) ; F-4E4EfE (Exp size) Fn&—4> Bneck HtH
B2 1x1 conv2d KIBHUZIANEL B (NL) FRon a2 B R
LEMEBUE A, R “HS” #OK h-swish B3, “RE” FR{EA RelU ¥
T R
Notes: “-” denotes that the layer cannot perform the corresponding operation;
“\ denotes that the layer uses the attention module (SE); in the operation
(Operator), “Bneck” is the block unit of MobileNetV3, “3x3” denotes the size of
the convolutional kernel used in the layer, “NBN” denotes that the layer does not
use Batch Normalization for convolution; the ascending dimension (Exp size)
denotes the number of convolution kernels in the first layer of 1x1 conv2d in
each Bneck block; nonlinearity (NL) denotes the nonlinear activation function
used in each layer, where “HS” is h-swish function and “RE” is ReLU activation
function.

MobileNetV3-Small EFEA block HIT#IT E45&
7 MobileNetV 1P {28 1] ) B5 481, MobileNetv2?*
LR B PR30 5k 22 S5 K9 F1 Squeeze and Excite!™ (SE) #%
BRI S5 K . 7E MobileNetV3-Small ff] block #.75
el —AN 1x1 BRUZANFREEAT A4, K

e JE RFE AT BAZ N 33 IREG, AR a5
FREH N B SE ik, & SE Bikrr, B JuxREE R
TEE AT AR IAL, 53] 11 1 exp size M=, B
M EEANE —E42ERZ (Fully Connected layers,
FC) , BWUuHE#ECA ReLU, 1534 KN 1x1x (exp
size/4) HITKE . SRR IS — )2 FC, BRI EN
h-swish, f3%] IxIxexp size M=, K% EFHEFEA
TR LU R SE JZHFAE 0 N 8RR HL R, 1534
SE BEHUINAZ JGHIRHIE. e R 1 X1 BRIRRHE R
4, i YEREANER 4 fiHEIER TR . MobileNetV3-Small
A block FITUE 4 PR .

F 4 BEBVLREIEIRIT LSS
Table 4 Comparison results of performance indicators of each
model

o fEE  AREE MR FIAR oo TRER
Model Accuracy/ Recall/ Precision/ F1 Average
% % % score/% rate/(1fi-s™)
KNN
(K-Nearest 86.86 88.02 96.19 87.10 - 37.65
Neighbors)
SVM
(Support Vector 75.50 71.58 77.99 74.65 - 38.03
Machine)
GBDT
(Gradient Boosting ~ 96.85 97.59 96.23 96.90 - 37.73
Decision Tree)
Stacking 96.82 97.23 96.48 96.86 - 38.67
ResNet-18 99.60 99.90 99.30 99.60 18959  27.36

ShuffleNetV2 98.95 99.39 98.50 98.94 1507 29.67
MobileNetV3-Large  99.20 98.81 99.60 99.20 2144 25.77

MobileNetV3-Small ~ 99.60 99.40 99.80 99.60 582 39.21

e 27 FORRIBE BT 5. FLOPs AT 5 &,
Note: “-” indicates that the corresponding calculation was not performed for the
model. FLOPs is floating point operations.

11 L
3x et

Tk 2 o o M

P e AL nlirjearity

nlinearit
s
Pooling {} ReLU Hard-o ®

AERRRA ATERE)A2
FC1 FC2

B 4 MobileNetV3-Small & & block ¥ 7T
Fig.4 MobileNetV3-Small basic block unit

MobileNetV3-Small 7 il /F {7 £ 5% 2R3 0 2504
£ EHAT ISR MIZREEUL/N A 16, 5221375 0.000 1,
IERIRBCA 50, A5 BN 2R e AN IEAIE 45 33 2 (8 R v
R M ZR Wi 5 Fos.

&5 A IEAREGE R 10 YU, NGRS 1
LRIRWT 2%, AR DAl RAERIEE -
HIHER R IE E 99.7% o VI Grl 1) e A R 7 AR 1 1 o
RIEH] 99.60%, HEIZN 99.40%, FEHERA 99.80%,
F1 23 ¥0K 99.60%. F:T MobileNetV3-Small A fe s 45
350 b G P 7 5 0 B IR AT 20 2, mT DL £ ) v K
PSR ALK B o
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— Il 4 Training set
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a. PURAE b. #Eff2%
a. Loss value b. Accuracy

B 5 MobileNetV3-Small 35 % 18 Fr f # % th 4,

Fig.5 MobileNetV3-Small loss value and accuracy curve
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NIEAIE MobileNetV3-Small #5743 R0 B, AHF 50 ik
R A& G35 22 S B8 5 AT X b . e L a8 % S ik H
T KNNP SVMPIHI GBDTPIR R AT 3 Akl fyg
Stacking 4 2% S BER . AL GbLas 2 o rR 3R U 1B
fEAFESE ., Bl FITARIE 28 AHARRME . SRR LTS B
GBI UG RFAE < AN R IR R0 A B S A o B AR IR 3
17 4UR5AE . BUEFRE 2K RGB B A # 3] HSV =[5,
76 HSV 7S [a] L —Fr. A =Fr s i, h %
Fifwds st 9 dFFIE. TRRFHIEZIEE Canny H 1152
EIGAC RS, NGRS KA 2] 2 HEHE. A
PRAE B $E BURRAE 098 R, 8 I R AR RFAE 347 0
o B JE R B R AR G RO & AR AE 5 4y 2R 45
RAHICHE, RN 7> 45 R ORI 13 4HAFAE. dF
— sl B IR A O R BOTH L H A AR AE TR B AE G
FERE, S BRAFAE 2 [AAH S S I REAE , 533 6 4
FEIE. FIHTRRIE 6 44RFMEXS KNN. SVM. GBDT Al
Stacking HE 2 I BT IR, H KNN Al SVM
BRI R 7 NGRS o, hii—0
B IF i RO A & B, a#d MobileNetV3-Small 5
ResNet-18 . % & 2 W %  ShuffleNetv2 #
MobileNetV3-Large I & 2% > B AU 3EAT X EE .

AT % (Accuracy) « ARIZE (Recall) .
FEHEZR (Precision) « F1 734 (F1) . #1155 (Floating
Point Operations, FLOPs) F1-F-#573F5E 3 6 MEIRAT %A
FERSHEAT VAL, B URE SR

+
Accuracy = TP+TN x100% (1)
TP+TN+FP+FN
TP
Recall = x100% 2)
TP +FN

Precision = x100% (3

+FP
_ 2><Recall><Pre.01.51on <100% 1)

Recall + Precision

A TP AEFHYE (True Positive) , {EASSCH#R L4 2%
ANV, BRSSO FP A (False
Positive) , BIEAY H AT, HdESbna AR,
TN AFLEAM: (True Negative) , B R 5 H 285 AR,
Ba bR RONAEYLR; FN WERBAE (False Negative)
I iek b s VK €7 =Y s E V] i
# (Floating Point Operations, FLOPs) &t 551z H AL,

AT CAR R AR R R . P4 22 1 000 5K
KR T2, BRI TR 2R E A AR .

FPRUESS AP, JUMRAY 35 48 ) [a]— #d 4k .
TR 2 SRR B KN R 16, 24313 0.000 1, 3EAR
WHCN 50, AR N Adam oAb 2% . REE TN
1T ¥ B 4 Winl0 Inter(R)Core(TM)i7-10750H CPU
@2.60 GHz, iZ{THAE 32 Go &R SRR 2
2234 50 4™ epochs JE#CL S, 45 %] MobileNetV3-Small
5 AR AR N6 &5 AN 2R 4 BT

T AL G ML 2% 2 ) BRI s 10 35 EIR S 00 86 T 1)
IrRIEZER 5 MobileNetV3-Small f1 42 X 28 B AH ZE AN Ko
{H MobileNetV3-Small 125 [0 255 #5514 AE i 2K 5 1) w5
KNN. SVM. GBDT # Stacking 1% 12.74. 23.85. 3.60
278 ANE S BTRER Dy E SRR EEAA ] I S
W2, N T HEBURGE R E e R M o 1 38 T b 28 X 4%
R I SRR AE SR IR 68 58 A A 3R IR F AR1E, 7
R TELT

B i X H ResNet-18 . ShuffleNetvV2 .
MobileNetV3-Large fll MobileNetV3-Small, Z5REKH, 4
FhURFE 22 ST R HER R . AR, RBUER . F1 5k
FRECHARIE, HETARSGpa =B Bk 4 FhRE
SRR B e S 0 LR A 42 28 . (BAEKFE IR
RN TR 152 £ T 5 B8 0 P BIR ) 2B SR ASE A B /N ) o
= AE PRI J8H % . MobileNetV3-Small #5584 [ i1 5 &
582 M, IS IEAR N 39.21 Wii/s. fEHAh 3 A
o, HEERH ShuffleNetV2 {/5/& MobileNetV3-Small
R 2.6 fif s P30 FEH R AR ShuffleNetV2 AL
N MobileNetV3-Small B35 73 JH K (1] 3/4. 255
BB BT 502558 %, MobileNetV3-Small 733550
LT AR . 25 b, AW REI MobileNetV3-Small
1R oty f0 5% BIR A 4y FEBAY

4 BlFrir e RN thikie

IAIFHRE T MobileNetV3-Small ) 8 15 £R 252
AR SERR R, AT T B 77 b SR LR
55, RIS Al K&K 2B e s 2] Fdh ()
“CRHEE TR WYEHAT, WK 6 fur, 3 SEFRYE
ERIREGA, 6 5 EIFEHAE X IR, 2 MM EFRIELL T [
— IR T .

1.6 S FRIE IR
L has

1. No.6 fish pond (Control group) 2. No.3 fish pond (Test group) 3. Camera
4. Video recorder and wireless router

B 6 ¢ aF-gafbiXisi

Fig.6 Perch feeding comparison test site
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MR, VEEUERECHES S 00 AL 5 02 Fb. A5 94 FP.
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TR RN, i 285 O 5K I 0] B R 3R BIRAS
HAEZFRLE ARG 25 100 PP TR, 76 5 Wil
Frhgs b, BTN OV RS AN TR
R 60%, W BT T 55 B AR,
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Fig.7 Feeding decision roadmap

X PR 0 % FH I KL 2% (Feed Conversion Ratio,
FCR) FIJfi &3 % (Weight Gain Ratio, WGR) 1 Al
i A B R I 0 0 AR KA LR AR o TR R AR S Y
DA A e B B R R, TR R B RS,
PN BN ALK B T B DR D o B R AR
TR — B K= G R = SPGB R R, e
% UL b Sz I 1% BN T PN i £ P 5T = B s L. TERE R
O S I E A R

FCR = 5 (5)

0

—
WGR:Qg%xmms (6)

0
i Ls FZ BUR R SRR PR &, kgs Lo NHRIT
gRm T An SR, ke Ly BEMRES RN it S i
kgo AU THGRIFRIE S ARIYIA], 60 CLd N FREIA S,

IR T LAZBEASTE, DR A FH 2% 5 45 R B e 1 e
AR AR e A () B A e B AR T3 DT 2R TR R
BENLIFE I 77 AT G vk, TR EE N 30 B, iHE
PR, W14 d )5, AT 2 RIS g Rk 5 P

F5 EFAEFRX LRI
Table 5 Results of comparison test of perch feeding
goe  WIMRBUE RATE BRRE ERLREC BRI

A N " nitial Final Feed Feed  Weight Gain
umber/ . . . . B
Group = weight  weight  weight Conversion Ratio
Lo/kg Li/kg Lg/kg  Ratio (FCR) (WGR)/%
e
Test 2096 660.24  696.92  52.00 1.42 5.56
group
RURIEEAcN
Control 2106 69498 71498  54.50 2.72 2.88
group

RG] 6 21 Bl 7R K i 280 pH H AR a7
7.12~7.90, FRERZITEEILE 0.54~0.72 mgL, SHEFK
HOLKFARERY, 2 MBS EIAT AR, B A
R SRR AR R AR B N LG . it tika 25 A,
TRI6ZH B IR IR R Ay 1.44, X IRAERI R BCH 2.72,
RIS IR RBONXT IR 52.20%, 1% B a] Py ik 564
PEALRI R m T R . R R I IR 5.56%, Xt
TR RN N 2.88%, RIGLL T & N5 2.68
ANE O R B TR PR EE £ 2R Ko R T IR A
gx b, 0 2H B 37 4 (0 TR 2R H5ORN o 5 1Y 0 2R 1 P 0
HRAH, U0 AR I B A R Rt gD T R R 2, T4 %
FH A, $EEFRIERE « 2T MobileNetV3-Small F5 7 1) firs
B ERAS 7 RA BRI RBCR, T ) e
RAE—EFR R LR AR R N R RS, = s
LAWK TR — A S5 .

5 4 it

EESE AN RTEIN I A AL A LR 2 o DL ) 45
A, AFFRAEE T 3T MobileNetV3-Small )& =45
PR/ R, RS A RIS NIk B T Rr
B oy R, NESMELA TR SR N 0 Re i
et 2%,

D ki 1 AR E R o 1 i RS AR 4R
MobileNetV3-Small P25 B R 72 1Z 50 P55 I B HERf R IA 3
T 99.60%, HEZNK 99.40%, KEHEFEN 99.80%, F1 4
N 99.60%.

2) it ResNet-18, ShuffleNetV2 1 MobileNetV3-Large
VRIS SIRRAR EL, MobileNetV3-Small #5578 (1 5 & 5 />
9582 M, “1#5153 I A 5 KN 39.21 /s . 5 KNNLSVM.,
GBDT #1 Stacking f& 4 Hl #% % > #5 B A1 Lk,
MobileNetV3-Small #5541 1) 2% & #Eff 26 5 12,74 23.85,
3.60 1 2.78 ANEH 4 Mo

3) JEi R R ARG R, T SR
F Ty Ko N TR R R 2 52.20%, &
BN AR 2.68 N 2 Mo

(& % x #]
(1] oMk, IRSZPG, XUt BT K R HLERLGE 1 VG v i



19 1 S

4%

TR B 4 4% MobileNetV3-Small [ i 5 IR 028

171

[3]

[4]

[5]

[7]

(8]

(9]

[12]

[13]

FEAT IR AR TREAR, 2020, 36(13): 158-164.
Zhang lJialin, Xu Lihong, Liu Shijing. Classification of
Atlantic salmon feeding behavior based on underwater
machine vision[J]. Transactions of the Chinese Society of
Agricultural Engineering (Transactions of the CSAE), 2020,
36(13): 158-164. (in Chinese with English abstract)

FRoE. FETTHSEAULGE RO PR 7K 77 58 B 5 1) 5% FroR A el
JPEWEAD]. L BRI, 2018.

Guo Qiang. Fish Feeding Behavior Detection Method Under
Circulating Aquaculture Based on Computer Vision[D].
Shanghai: ShangHai Ocean University, 2018. (in Chinese
with English abstract)

Barraza-Guardado R H, Martinez-Cordova L R,
Enriquez-Ocana L F, et al. Effect of shrimp farm effluent on
water and sediment quality parameters off the coast of Sonora,
Mexico[J]. Ciencias Marinas, 2014, 40(4): 221-235.
Papadakis V M, Papadakis I E, Lamprianidou F, et al. A
computer-vision system and methodology for the analysis of
fish behavior[J]. Aquacultural Engineering, 2012, 46: 53-59.
Pautsina A, Cisat P, Stys D, et al. Infrared reflection system
for indoor 3D tracking of fish[J]. Aquacultural Engineering,
2015, 69: 7-17.

Tride, HYE, WARK, SF. BT HUEALE S PSR 1R RE
B AW, TAEBITH R, 2015, 22(6): 528-533.
Qiao Feng, Zheng Ti, Hu Liyong, et al. Research on smart
bait casting machine based on machine vision technology[J].
Chinese Journal of Engineering Design, 2015, 22(6): 528-533.
(in Chinese with English abstract)

R FETEUR S HE B MR AR RS B
RAFF[D]. T T KR, 2018.

Guo Jun. Research on Feeding Patterns and Bait Technology
of Fish Culture Based on Information of Image and Sound[D].
Ningbo: Ningbo University, 2018. (in Chinese with English
abstract)

Atoum Y, Srivastava S, Liu X M. Automatic feeding control
for dense aquaculture fish tanks[J]. IEEE Signal Processing
Letters, 2014, 22(8): 1089-1093.

BReH, SREPH, SEE, % R TRIENRRLG 05
BIE BN REEIAG TTIA[]. AOW LA, 2020, 51(2):
245-253.

Chen Ming, Zhang Chongyang, Feng Guofu, et al. Intensity
assessment method of fish feeding activities based on feature
weighted fusion[J]. Transactions of the Chinese Society for
Agricultural Machinery, 2020, 51(2): 245-253. (in Chinese
with English abstract)

Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification with deep convolutional neural networks[J].
Communications of the ACM, 2017, 60(6): 84-90.

Chen L, Yang X T, Sun C H, et al. Feed intake prediction
model for group fish using the MEA-BP neural network in
intensive  aquaculture[J]. Information Processing in
Agriculture, 2020, 7(2): 261-271.

Adegboye M A, Aibinu A M, Kolo J G, et al. Incorporating
intelligence in fish feeding system for dispensing feed based
on fish feeding intensity[J]. IEEE Access, 2020, 8: 91948-91960.
Maéley H, Aamodt A, Misimi E. A spatio-temporal recurrent
network for salmon feeding action recognition from
underwater videos in aquaculture[J]. Computers and
Electronics in Agriculture, 2019, 167: 105087.

[14]

[15]

[16]

[17]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Villon S, Mouillot D, Chaumont M, et al. A deep learning
method for accurate and fast identification of coral reef fishes
in underwater images[J]. Ecological Informatics, 2018, 48:
238-244.

ALz, RIGEEE, P, S5 BT HLESRLOE K T i
PUMITELT). AL, 2019, 50(3): 151-158.
Zhao Dean, Liu Xiaoyang, Sun Yueping, et al. Detection of
underwater crabs based on machine vision[J]. Transactions of
the Chinese Society for Agricultural Machinery, 2019, 50(3):
151-158. (in Chinese with English abstract)

Zhang S, Yang X T, Wang Yi Z, et al. Automatic fish
population counting by machine vision and a hybrid deep
neural network model[J]. Animals, 2020, 10(2): 364.

Tseng C H, Hsieh C L, Kuo Y F. Automatic measurement of
the body length of harvested fish using convolutional neural
networks[J]. Biosystems Engineering, 2020, 189: 36-47.

Zhou C, Xu D M, Chen L, et al. Evaluation of fish feeding
intensity in aquaculture using a convolutional neural network
and machine vision[J]. Aquaculture, 2019, 507: 457-465.
Simonyan K, Zisserman A. Very deep -convolutional
networks for large-scale image recognition|[C]//Proceedings
of the IEEE International Conference on Learning
Representations (ICLR). San Diego: IEEE, 2015.

Qverli @, Serensen C, Nilsson G E. Behavioral indicators of
stress-coping style in rainbow trout: do males and females
react differently to novelty?[J]. Physiology & Behavior, 2006,
87(3): 506-512.

Howard A, Sandler M, Chu G, et al. Searching for
mobilenetv3[C]//Proceedings of the IEEE/CVF International
Conference on Computer Vision (ICCV). Seoul: IEEE, 2019.
Lin M, Chen Q, Yan S. Network in network|C]//Proceedings
of the IEEE International Conference on Learning
Representations (ICLR). Banff: IEEE, 2014.

Howard A G, Zhu M, Chen B, et al. MobileNets efficient
convolutional neural networks for mobile vision
applications[C]//Proceedings of the IEEE conference on
computer vision and pattern recognition (CVPR). Honolulu:
IEEE, 2017.

Sandler M, Howard A, Zhu M, et al. Mobilenetv2: Inverted
residuals and linear bottlenecks[C]//Proceedings of the IEEE
conference on computer vision and pattern recognition
(CVPR). Salt Lake: IEEE, 2018.

Hu J, Shen L, Sun G. Squeeze-and-excitation networks[C]//
Proceedings of the IEEE conference on computer vision and
pattern recognition (CVPR). Salt Lake: IEEE, 2018.
Abeywickrama T, Cheema M A, Taniar D. K-nearest
neighbors on road networks: A journey in experimentation
and in-memory implementation[J]. Proceedings of the VLDB
Endowment, 2016, 9(6): 492-503.

Hui Y, Mei X S, Jiang G D, et al. Milling tool wear state
recognition by vibration signal using a stacked generalization
ensemble model[J]. Shock and Vibration, 2019, 2019(3):
1-16.

Friedman J H. Greedy function approximation: A gradient
boosting machine[J]. The Annals of Statistics, 2001, 29(5):
1189-1232.

F &S, FLEFM). dEat: iR AL, 2016:
183-185.

E XA /. #lKFARE: GB 11607-1989[S]. dk
H: R BRAE L R, 1990.



172 Lk TREZH (http://www.tcsae.org) 2021 4

Classification of perch ingesting condition using lightweight neural
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Abstract: Intelligent feeding has widely been used to determine the amount of feed from a smart prediction about the hunger
degree of fish, thereby effectively reducing the waste of feed in the modern aquaculture industry, especially for outdoor
intensive fish breeding environments. However, redundant data collected by mobile monitoring devices has caused a huge
calculation load for most control systems. An accurate classification of the hunger degree of fish still remains an unsolved
problem. Taking the captive perch as the tested object, this work aims to design an image capture system for the perch feeding
using MobileNetV3-Small of lightweight neural network. The system also consisted of 2 captive fonds, a camera, and a video
recorder. In the test, 4202 perches were randomly fed with adequate or inadequate feed, where a camera was selected to record
the water surface every day. 10 000 images were collected after 2-week monitoring to record the perch ingesting condition in
the period of 80~110 seconds after per round feeding condition, where 50% belonged to “hungry” condition, and the rest was
“non-hungry” condition. These initial images were then divided as training, validation, and testing set, according to a rate of
6:2:2. Four image processing operations were applied on the training set, containing random flipping, random cropping, adding
Gaussian noise, and color dithering, thereby expanding the training set from 6 000 to 12 000 images. As such, the more
generalized model greatly enhanced the image features and training samples. Next, a MobileNetV3-Small of lightweight
Neural Network was selected to classify the ingesting condition of perches. The model was trained, tested, and established on
the Tensorflow2 platform, where the images of the training set were selected as the input, whereas, the ingesting condition as
the output. Finally, a 2-week feeding contrast test was carried out in the outdoor culture environment to verify the accuracy of
the model. Two groups were set for 4202 perches in this test, 2096 of the test group and 2106 of the control group, where the
amount of feed was determined according to the classification of model and conventional experience. Meanwhile, the total
mass and quantity of the two groups were recorded at the beginning and end of the test, as well as the total amount of
consumed feed. Correspondingly, it was found that the MobileNetV3-Small network model achieved a combined accuracy of
99.60% in the test set with an F1 score of 99.60%. The MobileNetV3-Small model presented the smallest Floating Point
Operations of 582 M and the largest average classification rate of 39.21 frames/s, compared with ResNet-18, ShuffleNetV2,
and MobileNetV3-Large deep learning models. Specifically, the combined accuracies of the MobileNetV3-Small model were
12.74, 23.85, 3.6, and 2.78 percentage points higher than that of the traditional machine learning models KNN, SVM, GBDT,
and Stacking. Furthermore, the test group of perch was achieved a lower Feed Conversion Ratio of 1.42, and a higher Weight
Gain Ratio of 5.56%, compared with the control group, indicating that the MobileNetV3-Small model performed a better
classification on the ingesting condition in a real outdoor culture environment. Consequently, the classification of the ingesting
condition can widely be expected for the efficient decision-making for the amount of fish feed, particularly suitable for the
growth of fish. The finding can provide a further reference for efficient and intelligent feeding in an intensive cultural
environment.

Keywords: aquaculture; machine vision; image recognition; deep learning; neural network; perch



