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Abstract

Traditional cafeterias globally are commonly confronted with the imbalance between supply and
demand. Furthermore, the information asymmetry between cafeterias and diners hampers service
optimization and the dining experience. To address these issues, this paper proposes an intelligent
cafeteria management system based on deep learning, which enables dynamic inventory adjust-
ment and real-time dish leftover monitoring through data modeling. This project leverages deep
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learning technologies, employing Convolutional Neural Networks (CNN) and computer vision algo-
rithms. High-definition cameras are deployed to capture image data, which is dynamically analyzed
using OpenCV to accurately identify dish types and remaining quantities. By integrating historical
consumption data, real-time feedback, and dish evaluations, the system provides recommendations
for supply adjustments. The system adopts a B/S architecture, with a frontend built using Vue.js and
a backend using the Django framework. Core functionalities include: 1) A real-time dish leftover
recognition model based on CNN and OpenCV; 2) A three-tier decision tree replenishment sugges-
tion module that integrates real-time leftovers, historical sales, and student feedback data; 3) A dish
optimization recommendation module based on collaborative filtering algorithms and sentiment
analysis of comments. Experimental results show that the dish leftover recognition model achieves
an accuracy of 95.27% on a self-constructed dataset of over 4000 images. This system applies deep
learning technologies to traditional cafeteria management scenarios, offering a valuable solution
for the intelligent upgrading of campus dining services.
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Figure 1. Concept diagram of convolutional neural network
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Figure 2. Technical route framework diagram
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Figure 3. System function module diagram
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Table 1. User profile extension table

1. BPTR%
T4 FIERR A5/ B/ TBA
id Integer FHE, HIiY EEIEN id
user_id Integer AMEE, I User & on_delete = models. CASCADE user_id
avatar URL BRikk1 URL default =~ avatar
bio Text NN, AR blank = True bio
talk Text KE W, oAE blank = True talk
id Integer FHE, HIY H 34 Bl id
user_id Integer HMgE, SRHK User on_delete = models. CASCADE user_id
Table 2. Dish information table
F2 Mm%
FB 4 b it 215U &1
id Integer THE, HiY EESIEN
name Char (100) EEA verbose_name = "3 /i 4 !
description Text SRk, A blank = True
quantity Integer Ru, BA 100 default = 100
timestamp DateTime SEHT ] auto_now = True
Table 3. Comment table
3. TRg%
TBA iR L5V B/
id Integer FH, g EES Y
author Char (100) P IEE
content Text PR NE
date DateTime PEIB S [A] auto now_add = True
likes Positivelnteger R default =0
Table 4. Historical sales table
4. ILHER
FB4 BAERM LY &/
id Integer T, HIY H 34 ik
dish_name Char (100) SRR verbose name = "> i
quantity_sold Integer HEHE verbose name = "# &
date Date R verbose name = "8 H '
Table 5. Student feedback table
=5 FERIERER
FB4 prigE it 2 &1
id Integer FHE, B H 3l A 1k
dish_name Char (100) ALY verbose_name = "3 i 4 !
feedback Text GRS verbose_name = ' IFIRZ'
timestamp DateTime SAGIT [8] auto_now_add = True
quantity Integer S default =2
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Table 6. Django built-in user table (auth_user)
= 6. Django W& A F %= (auth_user)

FBRA R LR i B3
id Integer FH
username Char (150) M4
password Char (128) RGN
email Char (254) HIge)
first name Char (150) %
last name Char (150) &3
is_active Boolean T O
is_staff Boolean R
is_superuser Boolean RmHEEH
date_joined DateTime PPN
last_login DateTime WEEF
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Figure 4. CNN model construction flowchart
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Figure 5. Data decision flowchart

5. BiRRRRIZE

4.1.3. &AL
ST B BRI AR BUE R A B, BRI 6 B .
TEHARICEN B, REFEE IR ORHE: F VP& XA 5 7 5w i B 50
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Figure 6. Dish optimization flowchart

6. mILmIZE

4.2, HERICIG

4.2.1. FERESHIE
(1) FHERIESEH
AT H BHEERET AT EER A SRR AR, 4 4000 5k A, 0 0. i, =

PR AT )\ =R 53 U 25 5 K9] [10].
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Figure 7. Dish availability photo
E7. KmrEER

2) KRR
I (2 L AR A B . LA U O (£ e

AREHIE RGUEANZ L, ATTEM
7 BN o
1) B E: @B SRR PR EETRIE kL, REFFRET 4000 5k 0 K%, 8k
K
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L 2 A ERE AL Z R URAE, 5 i 4 T 2t 7 R

3) MAAUVERE KRR B 4% 8:2 (9 LRI 0 D I SRR AN 1A - YNk AR AR AE DI £ B IRAS 1 95.27%
IMERRZ, 58 4o 2 S T U0 ARDRS B2 2K

4) BHEAAL ST G AL AT B SRR GPU B CPU fF it S, il 7 its
PRI BRI RE . 7EUIZRIERE R, Bdidid o (device) V5 H AR BAHRI B &, B T T2 & & By
R A ME. TR B RIAE R 13X — B0k, W0R 7B B SRS — &bk, fdwm 7 REAIH
FELTE AN B A

Table 7. Model training results
7. WENIGERE

i3 1/10 5/10 10/10
Lk i 0.3282 0.1042 0.0111
WA % 91.39% 96.23% 99.58%
TR R 95.27

4.2.2. ETZFEHERERIA R

(1) Z=THN B

AR CATIANGR” L CONMTR SRR AR IR, 1% RGHEET CNN BRI I 5 . AR
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Figure 8. Replenishment decision rule tree
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3) F=ECEERRBEE): o TSR, PESENZE M TR Rm b, &%
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BT FR=E R HE, RGTEEIRSIT RS A R AR B

1) SRR R EIRAN 0%0, JCie i s s 5 R, RG4S AR e g, #h
FEEA 100 B, HEHZE UREANT, LANLEIRNE” o XTE AR TS AT (30%~50%) HL T B
BRI 500 s RS, REEWA/HMT 100 4, B2 TR E, @GR .

2) EFEEARA . AR EE(300~500 40) H A A R BARIR(TR R A EL > 70%) 1030 5, R G002 A pUE
AN, AhFREN S0 4y, HHE “HHERRE B RBAL, BVOEEANR o RS R E— &,
VAN

3) T EEAF A D R B R ARUIR(S300 M) e M, REGEEBEENA TN, BEhE “HERIK A
SCReRh AR, B RE B AN IE SR B . RERE B SR S R B BN R BRI RS R, RS FEIRE
WA, B “FEARE, LR .

4.23. EThEEESHERS IR RELIL

A% RGBT 28 S W D7 s O 5 P R B AT SR AR A, — O THDE S P [ o R AR AT
AT R, AR S R AR AR RS s S — 07 T, B B MT R AR VR SCAR AT AL VAl DAAEHUA
PR BT 7y o BefA, A AT IR 5] B AT SR G 0RO, AT RS VR PR SR AR AL A L

() MBUETE: &%, Ko E IR - BRI RN . 5, HHRZARE T H S
St Z AN B A A A, TR AR B . R 8, 4 9 FR.

Table 8. Raw data table (Dish-daily sales)
= 8. RIGKIERCER - HHIHER)

X¥m4® 1H1H 1H2H 1A3H 1H4H 1ASH 1HA6H 1H7H 1A8H 1A9H 1A 10H

AR 120 115 110 105 100 150 145 100 95 90
+E5 2 130 125 120 115 110 160 155 110 105 100
TEIb I 80 85 90 95 100 85 80 95 90 85
AT 70 75 80 85 90 75 70 85 80 75
ERST 105 100 115 110 120 100 110 108 105 100
JREE 5 75 80 85 90 95 80 75 90 85 80
BES B 140 135 130 125 120 170 165 120 115 110
FULfigE 65 70 75 80 85 70 65 80 75 70

Table 9. Cosine similarity matrix

9. RILAOEREMR

S kR tEZ EPEE AFNT O BEMRST REEE  BEEE HamgE
AR AN 1 0.999 0.139 0.103 0.697 0.157 1 0.189
+E# 0.999 1 0.193 0.154 0.715 0.212 0.999 0.24

B B 0.139 0.193 1 0.993 0.292 0.998 0.14 0.991
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BEMT 0.103 0.154 0.993 1 0.258 0.987 0.104 0.984
BT 0.697 0.715 0.292 0.258 1 0.327 0.698 0.365
VPRI T J 0.157 0.212 0.998 0.987 0.327 1 0.158 0.994
BEES BE 1 0.999 0.14 0.104 0.698 0.158 1 0.19
PSS 0.189 0.24 0.991 0.984 0.365 0.994 0.19 1

(2) ELTIEHEFE: XF T HARSE, HRBS A K S, FET 50X LA LS S P 2 B

B FBRSE S A BT R S AR i P A R AT BB, aa R B o R . AR BLEE

LW 10 Fios.

Table 10. Dish similarity table
= 10. REBMER

ARALLBEZE 53 E- Yoy FEACLEE R

BEAMHLUEL(>0.99)
RN — PEES A 1.000
A +E4 o FEREEE 0.999
AN ~ L54 0.999
EREG o BREDE 0.998
FEXR A TEHER o PR E 0.991
BEMT o MEDH 0.987

AR RE4H.(0.6~0.8)

BT « 54 0.715
ERAST o FEESEAE 0.698
ERET o 4EA 0.697

AR BE 40 (<0.3)
R o JHIPE 0.139
RS o BFihT 0.104

Q) BROPBIE: FINF, AR ORI AL AE, 8 I A St UC 5 RE AT 5 4

NS PR AR )

Ak

- VPSSR AR 0 11

AT AR (<—0.5) H3E i, RIEEH R AT, thxPibric oy “ w8t ” .
R ARV BT 5 15 IR AT B 25

= =
Table 11. Sentiment analysis of dish comments
= 11. ERIFLBERSTE
REER PR PHERE S BRI A IEHE VAT LA M EA
AR 128 0.72 SR IETH 82% 5%
+E# 95 0.65 IET 78% 8%
MY E 86 0.31 BROEH 62% 15%
AT 73 -0.42 gili| 28% 55%
BRAST 112 0.58 IETH 75% 10%
JBR 2 ) 89 0.25 BROEH 58% 18%
PERE B H 134 0.78 SR ZIE T 85% 3%
[LEAR D Y= 67 0.19 P 1IE 54% 20%
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(4) FRNSEBR: U0 222 i B P 2 Y B AR T A BASR At -F X0 B B 70%, 2 “I b iIE” o iy
IS i PRSP S B B e T AR ARSI i P I B 10 130%, @2 “SGInIPE” o A RPR I BAS 2 B AR (<-0.5),
AW CHE R o IRIEIRE A B (>0.5), AW “CHPINEIE T o S5 R 12 B,

Table 12. Dish optimization recommendations based on sales similarity and sentiment analysis
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ARz eV A SRAIE [ +0.72 A
+E# I e 1ETi+0.65 e
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i+ A kD il 1 1H—0.42 D i
BT ST AR YERFPUIR 1EIfi+0.58 YERFPUIR
PR 5 g 3| ZEEBIIRIN BIMIEH+0.25 YEFFILIR
T LA NESN B s 2 1 [H+0.78 B )
P 21N FE A D il 1 Hd i 1E+0.19 YERFIUIR
5. SRR

51. MEBERRT

WEH U A OB UME B N, SRS it TN R G D RE S, A i i K
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Figure 9. Project homepage and student feedback interface
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52. FERBAART

P R N A AR SR BRI A, R DR, 51 IRIKIERSE M 1
SPIFEE BARE L. $RACE TSR BE RBUIRAS, MR T RGN LAt 5@ .
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