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Design and implementation of water color image recognition and
water quality evaluation system based on deep learning

Student majoring in Software Engineering Xiaoxuan Zhu

Tutor Yi Zhang

Abstract: Water is the basis for people's survival, and the protection of water resources is the responsibility
of everyone. In order to better help improve the water resources environment, it is particularly important to
have a more efficient identification and monitoring system. Using traditional machine learning methods for
classification, there are some problems such as tedious sampling, insufficient data samples, and low
recognition accuracy. In this paper, for water color image recognition, the dataset expansion method is used
to expand the small data set to improve the generalization ability, and based on the Pytorch framework, the
recognition accuracy is improved by data enhancement and transfer learning. At the same time, aiming at
the problem of low accuracy of convolutional neural network, the recognition results of three network
models ResNet50, EfficientNet and VIT are compared through experiments, and ResNet50 is selected as
the recognition network to achieve better results. An image recognition and water quality evaluation system
is designed and implemented. Through a simple Python graphical user interface, the selection of water
color images is realized, and the trained model is used to recognize and output the results.

Key words: Deep Learning; Water color image recognition; Water Analysis; Convolutional Neural
Network; Data augmentation
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REHLFN K 8 BRI PP 7K BB
(1) IKEEUR R AR

AL E DR E B R A RSk, TR EGEIR SRR, AR
MEED AT midntE g BURIEmIIge. BIAUIZRIIRE . A SCEEF A PIL 11
ImageEnhance F& I8 om R SLIN Y 78 B da A2 TN BE . A torchvision FEH ] transforms #5
PSEIUN ELA B 4R AT R M s Th g . B AN ZRThRE 2 B T Pytorch HEZESZIY,
Af DASEILZE a4 14 DL T KR 25 78 BB AL R AT I 25
(2) KGR K T

AR ) 5 BE I R S 18 I VI 2R 0T B A 2 P R AR AT K O BRGAR T, FER B8R 5 )
IKEEUR KSR . AP EEEE A G, SFIHNZRE MRS BER, BB F ST
FRAEFRHEN, SR 55T T &5 SR AWK B, FRR4E S o OB 3= 25T Pytorch
MEZLSCIA, A8 A PR/ B O3 U 2R g B8 Y A O% UG EAT R AE $E BT 24T 7K 53 v Tl
4. 3 BRI
4. 3. 1 ZARE

ARG T Python 15 5 1 QT HEZE, {4 45 5 K 1Y MG AZ UHEZE AN Python #2211,
AEZAFEHIEIT. A QT Mg Mgy i, FrblER QT /E AR K HELE.
i ] Pytorch VRJE 2 SIHESE, JHAE PyCharm BT RIz4T. MR RGIAS Bangk 4-1
No

41 REHMAER

REMEE Python iz Pytorch ¥k QT HEHE
Windows10, 64Bit Python 3.7.16 1.13. 1 5.9.2

4. 3. 2 IR

R AR 22 N 28 A 3L T Pytorch, SKRYE T AT SCHIIIN AR . R R G - B ALFE
=N ThRetis, BARS REIRIESY R FmEE. B AT .
(D) Hii ey B

P B R EARS R AT HAR AR, IR R R BAR AT R, R R
7T BRI KO EGHAT A M) 2R BARSTILA R : 1D 5 Ak UscEE /N 2 i
T NLIE, BARFEERME A £b, EREGETESE, HHITERL . 2) Kk
i e @t PIL H ) ImageEnhance #HAT (IR 78, WRBIEERFE AL, 3) £ T
torchvision [ H Y] transforms BEHGTY 78 58 A A2 AT 2R 3 0m, 15 2K B EHEK R
SEHBIEE . 4) FT Pytorch HEZLF ] ResNet50. EfficientNet. VIT Z R T /K¢
EGHAR SR AT BRI ZER, K45 B AN Blde S AR G R 42 I 45 A58
(2) FHHIEN B

55 N B 32 AT A5 6 T ) P K R SR T AR S PR AR D RE R AT S T
HVE. BARSEILAN T : 1D #xXFFERRF A, T AR A& . 2) &xt
IKEEUR AR PR ThRE, @ 7B R i DRSS Wt & 1o
(3) BLHREE T B

B B S A R EAT RGERN .. BRI 1D EREIEET A
BRI ThaE. 2) FERBIE A Pytorch 2K INZRIhAE. 3) FER/KEEEIR
RIRIERTNRE, MBS ME NI E T RaH, KB LA R R II6E S04 M 2 5280
B B DR AR, 0B 4 K 2
4. 4 RGN

FHIR RGPS AT HNT DI REEAT SEI, AR 3 E0A T R E LR, 4
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T 9 7Kt PG Bt SR ) Sl 7 BB AT K €8 BB RB PAN AR AR, I Ik 5 s B 2R
BEAT IR .
(D KB GEEEME SRS 2T 2 G BiREy T 50 TR, A
5 OB I HEEEY TR AN A 1 s A% ARG A T

RAS 41 BHRET TXRKB

def brightnessEnhancement (root path, img name) : #5355 B4 55
image = Image. open (os. path. join(root path, img name))
enh bri = ImageEnhance. Brightness (image)
# brightness = 1. 1+0. 4%np. random. random () #HUE VL 1. 1-1. 5
brightness = 1.2
image brightened = enh bri. enhance (brightness)
return image brightened

def contrastEnhancement (root path, img name): # X LW o5
image = Image. open (os. path. join(root path, img name))
enh con = ImageEnhance. Contrast (image)

# contrast = 1. 140. 4*np. random. random () #HUE VL H 1. 1-1.5
contrast = 1.2

image contrasted = enh con. enhance (contrast)

return image contrasted

def rotation(root path, img name) :
img = Image. open (os. path. join(root path, img name))
random angle = np. random. randint (-2, 2)%*90
if random angle==0:
rotation img = img. rotate(-90) #iEss M=
else:
rotation img = img. rotate( random angle) # JEf:EME
# rotation img. save (os. path. join(root path, img name. split( .’ ) [0] +
" rotation. jpg’))
return rotation img

def flip(root path, img name):  #&I%E K%

img = Image. open (os. path. join(root path, img name))

filp img = img. transpose (Image. FLIP LEFT RIGHT)

# filp img. save (os. path. join(root path, img name. split( .’ ) [0] +
" _flip. jpg’))

return filp img

D 4-2 HiEEsRZ O RAD

def get torch transforms(img size=224):
data transforms = {
“train’ : transforms. Compose ([
# transforms. RandomResizedCrop (img size), # FEALILEY
transforms. Resize ((img size, img size)), # HE g PR
transforms. RandomHorizontalFlip (p=0. 2), B RNER p KR AL
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transforms. RandomRotation ((-5, 5)), # BENLIERS

transforms. RandomAutocontrast (p=0. 2), # BENLIEEEXT B
transforms. ToTensor (), # #:°N tensor

transforms. Normalize ([0. 485, 0.456, 0.406], [0.229, 0.224,
0.225]) # PRkl
1),
“val’ : transforms. Compose ([
# transforms. Resize ((img size, img size)),
# transforms. Resize (256),
# transforms. CenterCrop (img size),
transforms. Resize ((img size, img size)),
transforms. ToTensor (),
transforms. Normalize ([0. 485, 0.456, 0.406], [0.229, 0.224,
0.225])
1),
1

return data transforms
(2) AKEOEBRA . ARGV A 4-1 Fios, 2 EHR B4 TR,
RV P _EAE AR E A T K . s B A R 4-2 B, B SRR BT
JRIE B Fr o s VRAZ LS SR AN 4-3 B, 78 BUER T 77 SCREF SRk BT 45 R
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FHA F Hinhl

>

230

EE A RRAE
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B ARA b

SAMAMBRY: B—fAM, RRe, K& &

[ 4-3 RRERRE
4. 5 ABNG

REFETHIREY 78 BEanse UK o BUE SR W& ThRE, B iR A 5PN Thie
F PyQt HEZE4E . JET Pytorch HEZEAN PyQt HEZEiE T Python 15 S I K 7 — /N AT LA
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(D) FIENT R5%5:
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FEAREMG . &IPS REAE 16745 5k, 2K KI AU, FFEREPZE 6: 2: 2
LRI RN ZREE . BE AL, (8 T )5 X B (1) PR Re b AT PRAS AT AR o
(2) F¥mssaiptE ST I ErE -

A torchvision FEH ] transforms B, a5 AR 50 3E4T 1 19 s R AR,
BAEREALIE S . FEALIR R e, DU SR Rz AL Re /I AP TIRE J1. [RIE, N
TR B IR R R g I Shd FE AR m e R, AN SCRA TiER ATk,
PPN AR E N RE SRS, B s T2, IR mil s R E .
(3) AR =B AR & 25 (R ARG B, e B & F T A R A I AU E NI 2R .

AT Pytorch IREE2E 2IHELE, f#i ] ResNet50. EfficientNet. VIT =i fx| 2% 5 4
VENRIERIRL, HIETH 78 5 AR AT 7RI RS AE B A . @i bh s &%
AMERIENAREE DS HERE . IR REUE . TRIBFHFESEFER, ML T ResNet50 M
LR I G
(4) KEEUZ RN SR RARIEES S5

KTETREZ MK E RGN G, ASCEPE T ResNet50 1E AR N 25 45
A, JEF Pytorch HEZLFE G TSR . i J5FIH Python & & Al PyQT HEZLFE# T /K
EMGARB A K AN 240, SEBl Timd - B EMG, &Gt T BLE 318 B Il Rl i
2 W BT FEAT KBV, IR 2
5.2 MIRRE

AR 7K G AR ) 1) @A K R PR HE 3T TR T, TEAR R &K
JRE R ESIN TIRE AR N . TR, FEE N TR e R ARAE ANk
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8] 58 L AN 25 TR AR o 2, AT DA T2 38 Bl e A D LI I 5 20 R = 4 IR 5
W, AR BAGIEE R, X7KAEEAT ERS A AL oA IXFE AT DLUSE 4T
Hh s WK AR PR S AAR AL, 3R PPN ORGP R RCR
(3) X TP IR AL Be R Bz Bt gt AT Rl 0 AR, Ay B AR R AT DAAEPEAN 7K 5 1) [ s
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