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Abstract: This article introduces the construction and key technologies of an automatic classification and recognition system based on
OpenCV and TensorFlow, including image processing, generating datasets, constructing and training convolutional network models, and
saving them. Firstly, the original image is preprocessed by using OpenCV image processing technology to extract the target area from the
image. Grayscale transformation, filtering and denoising, binarization, morphological operations, continuous contour detection, and
rectangular bounding box methods are applied. The research results show that this process can segment relatively complete object areas in the
logistics industry environment; Then, using TensorFlow, the obtained images are saved as a tfrecord dataset to construct and train a
lightweight convolutional neural network model. The model consists of 4 convolutional layers and 3 fully connected layers, with each
convolutional layer followed by a max pooling layer. The training results are saved as an off line PB model, and the results show that as the
number of iterations increases, the accuracy of the model tends to stabilize; Finally, it copies the trained model file to the industrial
computer and develops a GUI on the portable QT platform to achieve automatic sorting and recognition. The entire automatic classification
and recognition system adopts modular development, and the model has good scalability, which can achieve automatic recognition of
multiple types of goods on logistics automation conveyor lines.
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Fig. 1 Application framework process of automatic classification and recognition system
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Fig.2 Example of the original image
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Fig.3 Example of an image after grayscale processing

2.2.2 KRR

H TR CCD EIMGOrL i A% 5 F i A FLF-oT
P s UG A M | SN R AR T MR A it ) AT X
UG AL BRI R AS RS2, BT LB MG A T 8 0
M H WA EMGR Iy A A R Y (A i A
e, ma P EEDE W ev ¢ medianBlur pR N
G AT PR IE IR AL B 330 X6 B A AR W s A
2.2.3 —fEfk

EMGH) A8 AL, SR8 1 — R K B G e e o R A —
EEMR  HIEA R R e — D E R SRR ME R
AR (0 R (A e, AR L B 28 SR AT IR R X o i P
J5 . HAREEY B TSI AR R 1 — (R

T A WA E 7 ik, BT AR T e
T I N (R A 22 XS v 5 . 5 IR 40 7 i Ak
FE A5 PRk 22 [R] R B O A B R H A i
7 R A B T 2R B MR R B (B 4R
(V- S EAT A, A ARAR R B 5 & 00 R 3P 340 22 5]
B, ) 25 5 2 1 5 H (E 7E (8 b ok 72 o I B . R
cv : : adaptiveThreshold PR VESOE IR AL R 34T B 3E 0V
EALALFR K AR T 6 380 IR E(E D 255,15 SR A
FR KA R 0, S RS SEBIAnEl 4 PR,

B4 BiEREENSEREGSEE]
Fig. 4 Example of image after adaptive thresholding processing
2O S
B AR A8 LB 25 454 D Al ouf Bt A7 20 A

2.2.4

i8R, o AR SOR R MG S R K IS 8 il 18 5
AR Ry AT DA 1R 4 2N e i ARG Rk . R
cv ¢t dilate PR FE BT — IR I K2 AL PR, 25 R
K5 (a) BRI BIRAR R A1 R 56 36 2 1A 3 0 — 4%
2 ev ¢ erode PREN 20t I IK S (9 UG AT — IS
MBS, G5 R NE 5 (b) Fras o G5 B A2 40
2.2.5 Ak

HEAT MG iy H 2 S B B ARk . Al —(H
B IE, mT DL B PB4 v o S X B0 4 B 3
cv :  findContours PREL T ARSI BT AT % 22 SR 46 86 , 25 2R
WNE 6(a) fizn, it ev : : contourArea PREUAEE 454 1%
S A T %) TET AR R 380 T B AR K Y i S AN R G, 45 R
WE 6(b) i,

(a) PAT— WP lkiz FALH

(b) IEAKIZFS i PG HEAT I il s AL 2R
5 REFEEEGLELG

Fig. 5 Example of morphological operation image processing
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Fig. 6 Example of continuous contour detection
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Fig. 7 Example of rectangular boundary box and ROI image processing
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Fig. 8 Deep learning process

3.1 EREESE

TEVI R A5 R 48 I, B — > B0t R IR i 5 i — 1>
I E TR SV E T ST NG SRy O
batching FEHLIT LA . TERMGARSCAT 55 o i AR
W H LA threcord T A4, tirecord 4% 20T LG — AN [A)
JR AR B AS S, IE A R A BEAS [R] A9 R A, U8

P B BRI I8 T UG B 23 i A threcord SCHFR $2 5
UUBEDY &

— PR, AR PR /N AN [T 5 1Y {ELA 22 (9 285
B AT AR BOR [ E B, BT L TR R B AR R A
ARPEAA I 45 2 1, 7 B EUR R R ANGE—, T
DB/ AR s i B TR, R g A5 R DR 4R R



A Zh b 8 R 5 H

2026 4 4 45 35 45 10 1

Techniques of Automation and Applications 107

227x227 ,100x100 ,32x32 {5 5 55 R i AR KRN,
W tf. image. resize_images PRBUK 345 09 RS AR & R 45
AR RN IR DA B R SR

TR 2 2 B AU ) 0 B 5 I R AR B
PR ORI, FE R Z RGBT ZE I SR 35 31— 5 2L
T, B BN ZREAE AT LA S S A5 T e, vl iE
AL A SR AR R GRS , Tl iERE RS s
MR AR A AR BRI AR B ROT RS, 4 b
10°7iE5% 1 MR  AEARCRE RIAT 9 78 36 1%,
3.2 BWNHE

TensorFlow 2L T —E L2 & B ABHEAEL i
9 FIs

[ TaE A BRI S8R ]

U

[ LB R A j

[ MASCAE PR R ]

g

[ BEHAY batch 1 #2225 4 A ]

E9 WMABEALERER
Fig.9 Flow of input data processing
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Fig. 10 Changes in accuracy rate and loss function of the validation set as the number of iterations increases
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Fig. 11  The identification results shows
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