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Abstract

In recent years, image recognition technology has developed rapidly, in order to achieve front-end
processing of water level data, this paper mainly proposes a scheme of using YOLOv5 algorithm
for front-end processing of water level monitoring data. The biggest difference between this
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scheme and traditional schemes lies in the data processing method. This scheme directly embeds the
YOLOVS5 algorithm into the integrated microcontroller, performs data conversion in the front-end,
and finally displays the results in the terminal. Traditional schemes require data transmission
back to the server. The collection of experimental data in the paper takes into account factors such
as different measurement locations and lighting angles, and has authenticity. Finally, compare the
experimental data of YOLOvVS5 algorithm with YOLOv4, hog + SVM, and Faster RCNN algorithms, and
use F1 as the comparison standard. The results show that under the validation set, the YOLOv5
algorithm performs excellently in terms of mAP value and accuracy, with an F1 value nearly 4%
higher than Faster RCNN and nearly 12% higher than HOG + SVM. In GPU and CPU environments,
the single image detection time is 15 ms and 125 ms, respectively. This indicates that the YOLOv5
algorithm can adapt to image recognition tasks in various complex environments, with high rec-
ognition rate and robustness.
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BUGIRBIBA RN T/K S 2B BRI7 @SRk, FhRZEE 1AL 7 2T BRI i o hr
JOKALIEAGEA, il R K B KA SE R S T HAR SR, B3 29I N BFriBERHEE, ST
SHHFE B0 45 B AR IHER IR S8 B ThEE . EARIR SO, T 5T G AR BB AR F 7 KAL) & r)iE
F o KA 00 5855 4R FEE DX RO iy 1+ S, B BEREAH Bh LUK IREE LML, RE BB R K
F TRERE BRI IEE R

T E ORGSR BT DLEHG R AR O RIS AR, BRIDSEIL T /KAL) A B, H TAEFEHE
BRI H AT AR A0S Ry, R UG A% B i o, HR, XA IR AR T R T =
SR KA B R R AT E AT i AL B e B, BRI RKALEE R, e KRR T TR R

RS FEZET YOLOVS SFERIKAL R eI R G0,  BETRAN AT /KAL IR EREG . JEH, 7EKAL
WA A, R ML 2 ST B TIROKAL s, CAH T2 Ih RG], sk 13 e &3,
BOE AT G A B AR B 773, K e & i T A AUK B TP &, BUS 7TAEIIRCR . 2
V410 T N TR BEHARTE AR TRERIIEH, JRVEAE BT T N T8 RE AR 1 AR 20 Y

AR JUSR[S1HEH T 38 T8 SC B ATK AL I 5 v, AR FAE S M ik, R s 4.

YOLO 52T s BoS I i B bR 57k 22—, B30 AR 2 35 4oy — AN R ) . &
Je, K T BRI B RN 448 x 448 KN, BEURENEF]) CNN ML, AT — M Em s, %
PR BRI 43 % 7 < 7 B . B AN T RCNN A5 7, RCNN 928 5 780 1 5t A2 38 SVM [6] 5K BE AT 43 2
fE. RCNN A5 7Y 55 B2 A B 14 DX 3 o 12 X 3 AT 20 28, e B0 00 S AT i i 8 ) AN o B T 4 7 i 1
FEhan, A EE RIS 7 < 7 x 30 (7K R (tensor), 30 ARFRLERE, MG F AT LURTTE X G R] RE AL B E
51, BJa KM NMS Syk[ 718 iR AT e i g . T oL EJEH, YOLO Sy il i b AL 4t v
P, HERRME A
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2. B#RRBIEE
2.1. BRI

IRALR 5 ER R ARG B, BTEL, FERERAL R B, B T AR EBL B, A, 3H
BREAER, REAF S E R, REEEE e SRk .

Figure 1. Real data acquisition and identification renderings
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AR YK Fi 5000 45K, WP 1 BUOASERCREEE U, BRI, BORERE B BORE A
HURE IS TR AHEORE B2 AN, B IE R, AR SOt 7e S0 BB B AR B

2.2. BEEN

fE45 7715 adaboost + harr. HOG + SVM 55, HBSRVERERRE, (H2RMMER 2 A UK, EELEE
22 3] 5k Two-stage, £ % /& Faster R-CNN 1 Mask R-CNN [8], ‘&4 1%F T/ HbsA AR AN, TRE
217515 one-stage, FEEjE YOLO 5%, YOLO 5L YOLOvI #| YOLOvVS, AWrod il AT HIETIAE,
603K P AR FE AN 2 T, YOLOVS SR AST T YOLOv4 532, Kl P 2088 B 3% A $#271, {22 YOLOVS
BER PR, SMERE SO N, AR 5, AR SR A b [ B P

2.3. KN EREMET ARG YOLOVS BERIFE S

2.3.1. MEF&RL
R 28 A AR SR IR AR B B, B AEIR B HLIE R RE FEIh, B RE FLVE B KB AE s, 4515
SLE BRI R .
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) FH SR LLE 10 i B2 o 3R B 5 AR B AR 5 9, S B St I, AR OR T BdE R B S T AR
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el 2 s, KA RE I R G A A EE NG S 1 2% 9 JHGR, S 1 W RGERERNER, &
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Figure 2. Reality structure diagram
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Figure 3. Real scene model
3. IRBRAE
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SATAS R B E SR R LTS, L P £ iy 5 R R % 13 2 AL T 2R AR A HOR F r RS 3 e %
SCASHCHE ) FH TG 26 A% A R T IR B i 159 3 R 45

2.5.4. IABIEEH

TEF AR 53 o E G SK BE B RUBE B h S e ALBE LL 9] o, ARG THE K “E” 9 E K Lo,
H1 rect-max KB TR KA L.

IR, RS R BT VAN SRR PR B R “E” BUEKEE L (i1=1,2,3,4,-),
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anaconada [9)3 5. YIZRUF FIFVER A INE 3t N B2UR, T H AT A #27 B python 15 &5 4w ’5, Pytorch [10]
MEZE, A A RE IR E I 128 3R R FA I, SRR R R 8 B A5 SR AL SOAR B, I3 18I TG 26 ) 2%
BEHLE Rl H 38 28 3

f£ CPU M1 GPU [11] EARTH ZEEAT IR IIAR, JIZRNBUE B 508 — %8, 5tk BN #H47 IE L[ 12],
f—EEIMAZLZFHE, B 1:2, 3hE 095, BUAREY 0.0005, EIAEIFEN 0.1%, &S5 T
WG, FWCONESRE 0.1, H HAE— AW E burn_in 80, HEAEREEME, HE RN 1000, sLhritsH
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3] = 4 35 x (IR burn_in)
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Figure 4. Diagram of the results file
4. Results 3L EFR

FEAE SO A 812 recall [9], VR precision [13], 10U Al mAP [ 145K PPAk I 2t AR A
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Precision =
TP + FP
Rcall = l
TP +FN

mAP:%gP(k)R(k)
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3. IRBIRIEE RS
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WM 10U [151/ A8 &, e mIRBIME, RJEXAFPAE T KA T A, JF 5 Hoph S AT 1
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3.1. ZMEBNIHR

MARZ AR 3R mAP F O REIAEAS, 1 4 wA, F25E 5 I metrics/mAP_0.5 ik 0.96,

metrics/mAP_0.5: 0.95. @I 5 fizn, PR _curve [16]HIZR1RF &, WAMEER/N, #E—53 BIRIIZRT
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3.2. AR HREREE
WEEL 0.5, 45auEmi®E. HEZE, 10U Ml F1 $5F5.

Fl— 2 x precision - Reall

precision + Recall

F1 2 ssats, v LLEH] all classes 0.97 at 0.707, WAt UL, T Z0 00 Bk % KL7E 0.97 7
Hio rect FIPERERSAR T rect-max, (EH/ZMH S5 R TGRIEIT, rect fRF N TIRHIFE T KRN ZIEE, rect-max
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Figure 6. F1 result plot
B 6. F1 £5RE

3.3. SCERMRAVKRLE
3.3.1. FENE M SRR IS

Table 1. Experimental results of four algorithms at different measurement sites

= 1. MMEEN A EN E it R AL LE

i ‘ F1/%
Wb A Hik D —— P— D—
B — U B RN B =M WIE
YOLOv4 99.12 99.01 98.58 98.90
] YOLOV5 98.72 98.98 97.99 98.56
A L T
HOG + SVM 89.88 88.92 84.56 87.79
Faster RCNN 96.02 95.89 95.24 95.72
YOLOv4 99.01 98.06 98.15 98.41
o YOLOV5 98.04 98.02 97.12 97.73
AR B K,
HOG + SVM 86.88 85.45 82.37 84.90
Faster RCNN 94.08 93.88 94.98 9431
YOLOv4 99.01 98.06 98.15 98.41
. YOLOV5 98.04 98.02 97.12 97.73
Fp 2 K IR
HOG + SVM 80.14 75.99 79.32 78.48
Faster RCNN 92.01 91.89 93.91 92.60
YOLOv4 99.05 98.38 98.29 98.57
YOLOV5 98.27 98.34 97.41 98.01
FH{E
HOG + SVM 85.63 83.45 82.08 83.72
Faster RCNN 94.04 93.89 94.71 94.21
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3.3.2. AEEEAE xR

Table 2. Experimental results of the four algorithms under different lighting conditions

% 2. IMEEN FRAREN FOSBER

F1/%
e HR AT Sk
H— oW ORI = 0OR HIE
YOLOv4 99.66 99.03 98.87 99.19
YOLOV5 98.22 98.16 97.63 98.00
HEIREE HOG + SVM 87.72 88.12 86.23 87.36
Faster RCNN 96.41 95.96 96.22 96.20
YOLOv4 98.78 98.87 97.66 98.44
YOLOV5 98.15 98.07 97.42 97.88
R HOG + SVM 84.88 87.33 87.85 86.69
Faster RCNN 94.35 95.17 95.45 94.99
YOLOv4 98.07 97.09 97.11 97.42
YOLOV5 97.99 97.14 97.04 97.39
R HOG + SVM 76.18 73.97 78.07 76.07
Faster RCNN 90.77 90.19 92.14 91.03
YOLOv4 98.84 98.33 97.88 98.35
YOLOVS 98.12 97.79 97.36 97.76
THE HOG + SVM 82.93 83.14 84.05 83.37
Faster RCNN 93.84 93.77 94.60 94.07

3.3.3. T EIERTE 9% iRk ie

Table 3. Experimental results of four algorithms for different measurement times

3. UHMEEX A EIN R E A LI L

o F1/%
BB 7] Hk : : :
B — VW O B = VO Y1l
YOLOv4 99.42 99.41 98.99 99.27
o YOLOV5 98.14 98.08 97.99 98.07
JEEC A 8 A
HOG + SVM 89.78 87.88 86.77 88.14
Faster RCNN 96.44 95.99 96.74 96.39
YOLOv4 99.49 99.52 98.97 99.33
o YOLOV5 98.47 98.48 98.97 98.64
JERCEFTE] 12 5
HOG + SVM 89.82 87.89 87.74 88.48
Faster RCNN 96.47 96.97 96.71 96.72
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Continued

YOLOv4 98.11 99.02 98.46 98.53
o YOLOVS 98.02 98.72 98.77 98.50

A HTIE 17 &
HOG + SVM 84.89 87.11 84.78 85.59
Faster RCNN 95.42 94.99 96.22 95.54
YOLOv4 97.19 98.77 97.42 97.79
o YOLOvV5 97.01 98.02 97.79 97.61

JEITIE] 20 £
HOG + SVM 81.11 77.88 74.82 77.94
Faster RCNN 91.49 90.91 93.42 91.94
YOLOv4 98.55 99.18 98.46 98.73
YOLOvVS 9791 98.33 98.38 98.21

FEIMAE

HOG + SVM 86.40 85.19 83.53 85.04
Faster RCNN 94.96 94.72 95.77 95.15

3.34. FERIXSRABFTELIRLE

Table 4. Experimental results of four algorithms on different weather conditions

4. HMEEMANFRSRAHSIIREGR

i F1/%
RS ik ‘ ‘ -

SO ORI =IO ¥IE

YOLOv4 99.48 99.49 98.92 99.30

N YOLOVS 98.87 98.74 97.85 98.49
i

HOG + SVM 89.44 87.32 86.88 87.88

Faster RCNN 96.48 95.94 96.79 96.40

YOLOv4 98.49 99.01 98.97 98.82

. YOLOVS5 98.19 98.03 98.92 98.38

B

HOG + SVM 89.11 83.81 86.72 86.55

Faster RCNN 94.47 95.97 96.78 95.74

YOLOv4 98.12 97.09 98.99 98.07

J YOLOVS 98.01 97.03 98.22 97.75

/NF

HOG + SVM 85.17 83.12 81.47 83.25

Faster RCNN 94.47 95.97 96.78 95.74

YOLOv4 98.01 97.04 96.98 97.34

YOLOVS 97.08 96.97 96.28 96.78

HOG + SVM 75.17 73.14 71.48 73.26

Faster RCNN 90.44 87.91 88.72 89.02
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Continued
YOLOv4 98.53 98.16 98.47 98.38
YOLOVS 98.04 97.69 97.82 97.85
T
HOG + SVM 84.72 81.85 81.64 82.74
Faster RCNN 93.97 93.95 94.77 94.23

% 1~4, R T YOLOvV4 [17]. YOLOVS [18]. hog+ svm [19]F1 Faster RCNN [20]5Ly57EAN A T
SRR, BIEER, fEFE L&, YOLOVS SiEM YOLOv4 SERCR AT, Faster RCNN 5
FHRRRIAZHIETS, HOG + SVM BRI R &K, YOLOvS SiE-FEFEEIR{LT YOLOv4, {HjE
YOLOVS HikHEFERS (B 5E 45, YOLOvS SyAa 100 18 K%, #RTE GPU F1 CPU F4r5ifes% T 1.5 s Al
12.5 s, “F-H)EHIE G AN 18] 15.00 ms A1 125.00 ms. HIT/KALAE—ERF A, AL TRaE g, &
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OGS TSI A . WS TR S IEM RR IR B0 L, 3 AT DL B AR M K R . B WL A
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TEE BEAGTTT, K EEME BRAREER 2 SCK, BRIK TS, B s e hr iR .
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BT 4%, BT HOG + SVM KT 12%, fE GPU Al CPU 3A83 K, Fak & A A 18] 205104 15 ms+ 125 ms.

SR PO R SRR ZI0H PR R DL, FTLASH, YOLOVS SykfE /KA R REMa il 2 45 b vt g
W SEBRR R, HsHEEE R, BA SRR &,
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