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Abstract

To accurately perceive the operational status of urban traffic and gain deep insights into residents’
travel patterns, this paper proposes a framework for mining, quantifying, and analyzing urban traf-
fic “hotspot road segments” based on clustering algorithms, using GPS trajectory data from taxis in
Chengdu as an example. The study first preprocesses the raw trajectory data to extract a high-qual-
ity OD (origin-destination) dataset. Subsequently, DBSCAN and K-means algorithms are employed
to mine traffic hotspot road segments, and the superiority of the DBSCAN algorithm in identifying
hotspots in road network patterns is verified through multiple indicators such as the contour coef-
ficient and outlier rate. Based on this, a heat quantification model that integrates travel scale and
spatial density is constructed to quantitatively evaluate the identified hotspot road segments. The
research results show that: 1) Several key traffic hotspots, such as the third section of Renmin South
Road, have been successfully identified, and their heat is highly correlated with surrounding func-
tional attributes; 2) Residents’ travel patterns exhibit significantly different peak period character-
istics on weekdays and weekends, and the OD points during peak periods on weekdays are highly
spatially consistent with commuting patterns. This study not only provides a methodological refer-
ence for utilizing traffic big data for refined urban analysis but also offers data-driven decision sup-
port for optimizing traffic resource allocation, easing congestion, and urban planning.
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1. 53|

ST AR I INE S AL AT M52 T, RS S AT RCRARTS O Al A BR A8 K3 T 1T 1 4
SEFEBRAL, M EHIZ) I BT SER R  FE RATE S BRASETT L] [2]. FERTERT, SRR T A0
BATIRES, RN JE BT I, IR E IR R 8 B2 0 S8 A B ok 23],
RESCIE R G R AR, il 2 T B SS BRI B, 2R T g BRI 208 R8s, Horh, A% GPS
PUEEE N R RS AR R AT AR, DT S IE T R A 5 SR BRI 4] [5]

PRI @ T B AR, RIS B R REAR P X IR B, R BRI AR R AR IR

HRAEH T “ IR B Bt “INEZ” BRI S RAL, R aT e R B SR [7]. X
SRR B AMREW 1R R ST SAE B SRS, IR RENSCHEAE S0 RS BB
RBEILAME . Db, BT IR BT R AT I 25K, MR TR RAEA R (R ARk T
R B BAT RS, T BT ShRE X BB U A SR RTTH MAL A IE E AR AR
78 = X [8] [9].

REFEFEEAT B IMOEAR, B RO WK HUBEEEE R N EE AR, o)z
JS2 T A i B R A2 A AU [10] . 7140, DBSCAN SR R L e A BT R TR 0 7 X g s ANBRURR, T
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WO BN RGTIXIE[11]; K-means SR R Hfaivd ik, W3 T8 M AS @ sk 40 [12] . SR,
DA TRAAELL R A EAA ST M: 2o, E6E “RBR B MRS AL 248 772 A ek, 2 50k 7o
T RURBUDIR A, PP BUARFAE D OGIEA AL s FLIR, WA ER B “IABE” B T A R,
LRE % EA MR E . 2 RN S R R AT R P B — AR [13] [14]: FRIR, Wi Bz S5 E
ROHATI 25 TSR BT IR R A 0T, REA 4R 70 50K B 5 18 B I LR AT 26 1l 5 R 51 R4 (1) F A X ¢
s JE, AEREEIELE B AU B IR AT 5 T & R PR S R IR LE[15] [16], S H A% BE Al 45
TR AT RS BT R B T — PR R,

BEot BRI, AR ST DLRIE R R R K T —— B i A, RIS R R4 GPS Pl i,
B TR i — T R BRI I T 28 8 A s B B2 5 A A A AT AE S, JRAE IR EE RS FER N HIAT X
Lk p % BORH DG IR R R AT I 28 TSR RFAE o 25T B A0, RSO Jaxd th AR ZE a0l EA TS 40 A Toidk
L, PREUESN M BN R EE AT R ARG R IR, 5K A DBSCAN il K-means 285k, 4568 M
BE, HATACE M B 5, R R AEE IR S s FRIR, SN A T A5 0

GEor M B AT (S TR ) AR RFALE I 8] 3 A AR A S A m DX Dh BE S Ak o AT T AN B2 D9l T 1
AT A5 B PR O Xl () R SCRE s AR B D A T R PP KK BEAT RS A A 2238 7 BT i )t
TiEwS%.

2. RiBHRRARBIZIR R AE RS
2.1, EIREHER

Bt S T AR (IR AL, S Lo i 20k i 5 e 5 o B2 i o AR A S A2 S Al R 4R
THE LR BRE, 3 LA R BRI AL E B R ok . DL G GPS it Jy AR A3 it 8 K s
FE L v I 22 RN 2 B AT R S NIRRT S R O 1 A A . ORI, R R R AR
BB B AT E A B SFARYE , Vil TPk . BUA BT B CEUSEERE, (HAE LR I i kA IR -
B, 2B FUONE T R ORERTEDIR K “ DR, TGS AR B SE PR A . B R R RFE AR A
RSB WIS HRIZAE M AN TS 70, X BRI T SOE RS AR E L. K, 0 SR R I T
fit, RZ —ERELRE OD e 52 RN MR AREA I L, SEUE UG A A H B = 2R AT %
WELHL . BEAh, AFEIREEIEAEIZE “AmBRE” X Re s LG SRt 25, MFEERS
HISEIEXT L 5208 . IRt EIRBRAR, AHTFCE AR A T2l “ AR BB a2 S A

2.2. BERIFESHER

A GPS HUZ ¥4 KR T DataCastle %2 i £ % it 15 I [ RN S0 E E 46, JLA0 2 il iy Hh 4L 42 ok
Hdli£) 20,000 2%, KAEHWIN 2014 58 A 3 HA8 4 H, 2alCRKE HMIAEH . RAEERI R 50y
FARAE 6:00 BA R 0:00. EARZEHRES COAT R4, (HRRIZ SRR T A X I ks R I AR A AR
MR, BRI, AZBIRAE A RATA —E B TR S i SO@ A nURI s B AT IO SR 1t 1 Bl ST Hs

PUBEE I BAE B R 1R, B id (WAL IR) lat CREE AL Ak (46 5)  lon CRFEY
HAL AL 2 ) status (B ZOIRAS), A “07 RacRFE AL EAL T80, “17 R KAERT
M OB . day CRAER ).

2.3. BuETAbE
AR SRS B A B B AL A SE BT R T A AL E . SRR B2 R B H K, JRATT R 2
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Table 1. Structure of taxi GPS trajectory data table
F 1. HTEZE GPS i HEREN

TR £ il
id HAHZERRIR 13,920
lat 4% 30.5707
lon 2314 103.957
status WERE 0
day KA ] 2014-08-04 21:47:13

HA Wi SR A A SR R, Ak OD #iRE . ZAURERNE T M AT IR, itk TR
FE. UL OD 4 Nt 7usst GdbAT s} (RN Z8 (8] Lo, A3 Bh T34 7 A8 B Hh A7 ek TR e DA B 3 T 4
Mo WE L FTR, MRS H 0 AR 1R, URHMZZ A EFRS AR AR T, AR A
RASBCERI AN O e i BB a MR EL b #H B2 T M3 ERAS B 1 R 0 B, B Zi%
HAFERPRES HEEE R T 8, AT MRS LM S8 D sl Wl B b kB ¢ HH i
T rie %2014 4F 8 H 3 HAI 4 H ST AL R B B4 dk 47 70 dr, JLEREXE] O /794 4, D 1792 1.

HikBta Bk Bee

AR AN o — e—e—JfAbe

Figure 1. Explanation of OD points
[ 1. OD &ijAA

24. BRBEIZIESBURE

2.4.1. EF DBSCAN BB H SISHE

1) #i5E 2% (eps, MinPts) {17

Yoz DBSCAN 2845 A 95 KIS 50 32 BA R 4% eps AT LABE B8 B M 2142 O RE AN B0 (B MinPts
NIE IR, A XS H BN TR & LB B T eps NIF A3, £ 1852
], MinPts Jy%%, 7E 2 2 10 1], [ 2 FRORTEME A F AR BB IGO0, 18795 FE 29 B (e pr i
R SRR RSN EORA .l B AT SRR N AS B A eps I3 KT8 D - 24 eps /T 1.5 B,
RESEOS NG, KM SRR M eps KT 31, BEHAMMN D, SRERTHEEEE, H
MRMEIMG . Ft, eps WHUELE 1.5~3 ZHBEAH . ¥ 3 s 1 1EM € I & BE A T 1.5~3 Z [ i1
BT VAT AR B B T 3 A SR A AN B o El B P R AT AT DU e SR2EH AN ELBE S MinPts
M KM . 24 MinPts KT 4 B, RIS D, BRI BCOHRE, mTRe S8 R ARG . Ik
Ab, TR R AR AU, i AR SN — AN B BAE — 5@ I R A 22 /0 P A 2 AN R DL B s A et
R B, SRR RE A AL, MinPts FIHUE TS FBINAZTE 2~4 207, BERgEE Rt lE, ABEE S
RIUA

2) ZERE RGNS HEH

R R EUREHI W DBSCAN RARLE R A — AN EES bR At E L SBhAESHAE TH
R REOEE AR N E S BN E BRI, AT AR R . TR R B S() A A
j“j:
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Number of Clusters vs. Eps for Different MinPts
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Figure 2. Change in the number of clustering hotspots caused by adjusting eps
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Figure 3. Change in the number of clustering hotspots caused by adjusting MinPts
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. b(i)-a(i)
0= e (a0 ()] .
(i) F A | U B B LT R AP HBEB , b)F 5  05E AA RA 1e F
A RHTAIRE .
PR A 354 N A, 5 PR RE AR RT3 SM AR5 S
2. B
sM = L 35 i) 2
N4

HARQ) A, R ARBBUE A1 2] 1 206, XAMEBET 1, IEA R 2 18 )
BB T A R A REA i 2 (B R, BIRSRACR . S EOLT, HRERLUNT 0.3 1, FATIA
NEEFRBORARIE, REIEAR, WTRER HE MBS HOEH,; R REAE 0.3~0.7 L [H], RUIFHKL
REIRTREAFEME A, EAUREUF HEEAF R, WU TR0 09T, HRERET 0.7, WATELHAN
BIRMORAHLF, R — RN AR w55 BAS R R ) A 45 R 7 4

3) AR B RGN SR

BORE RURIRI R BRSO AR R T, X SRR M S . B R, T A
B 1A FH AR L IRAIIL B B B RN SRR S AL

4) RIEIRAERREE T 5 K/ NS v

davies-bouldin J& T A B PEAL 4R AR, XA Bl o 4 i [R]— % P PR 55 A 2 AN AN [ A 1] ) 0 1S 7
FERVFAL RIEFIRMAER . DBl ), WIBEHI [ — R N R HAN R R A R 7 8, R ERRACR
1 o

LRI € ST LN i SO RS I

#IT AR R B Z AR TH5)
if len(set(labels)) > 1: #Z/DHFHAE
silhouette_avg = silhouette_score(points, labels, metric = haversine_distance)
else:
silhouette_avg = np.nan
#IH SRR
n_noise = list(labels).count(-1)#2% ¥ s K14 &
outlier_ratio = n_noise/len(labels)
#IF SRR B T IR ((UEA 2RI 5D
if len(set(labels)) > 1: #Z /DA FHAE
dbi = davies_bouldin_score(points, labels)
else:
dbi = np.nan

% 2 NEFVRK S TR febrgs B . HiZERBRATTLUEH: A8 H B MEEFeR, 2 eps B 2,
MinPts B 2 B, %88 2500 0.3512, BSHE %N 0.32%, DBI{H )y 1.4734, ] LLA KSR KEE BIEAH 2.

2.4.2. BF K-Means B3z i@ R i24E

S K-means ZERBEE MRS, 156 NA E RBE Kk IR RXSHZEANR 0759t B &
SERRAES, R I SVE A K (B 123 ) A% O JE AL S o 2 1) HE AN [R) SR 2R K RIS o2 R 428 22 7 7
Fhzk, WEXASMLR) “BEAE” o BrE “BHEALE” , IR BEE Kk ARRBIG R, RESE A
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Table 2. Results of various indicators
F 2. SUUEIRER

MR PEAN R LSt B RR WAEAREE T HRHL
15 2 0.1866 0.0057 1.9013
15 3 0.3154 0.0120 1.3066
15 4 0.3158 0.0132 1.3235

2 2 0.3512 0.0032 1.4734
2 3 0.4436 0.0069 1.4440
2 4 0.4436 0.0076 1.3743
25 2 0.3883 0.0013 2.1734
25 3 0.3915 0.0025 3.9111
2.5 4 0.5684 0.0050 1.9335
3 2 0.5741 0.0013 2.4406
3 3 0.5920 0.0025 4.9904
3 4 0.5920 0.0025 4.9904

IBETIAN, AHRAEIE — m b, RETIT AR BRI 2 et SUR T B N R 1R N B FATRRR A AR
()R 2R “IREEE o A EANE 2 Rl e S BT B0, (HO2 WM. shAh, 22k s
AR R TS I, FATNE TR LG SR R E0E . S XIGUEESE TR R E RAMK k(8. &4y OD #¢
YEEEN SSE K, MR R AR ko PR I T P (KA 5 R o g 2 M8 4 B 1 D A )

BT TWSS. MR 280 k B 5B, TWSS T BT B 2 B B0/ .
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Figure 4. SSE diagram
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44 4 1 DBSCAN 80X B, AR 6 (FNRENM K . &1t Python 1217 /543 H 4% 4K 30
RN, RRUFIL B AR . K-means JERBEIPMARR TH SRR W T . BEIT 425 R0 0.3408, BRfS%
N T.44%.

#UT HEC R R AL
average_silhouette_score = silhouette_score(distance_matrix,kmeans.labels_)
print(““F- 3% 5E £ %" average_ silhouette_score)
#IT B RE R
distances =[]
for i in range (len (original _ data)):
cluster_index = kmeans. labels_[i]
cluster center = original data[np.where (kmeans.labels_== cluster index) [01[0]]#3KHX 1% 5 2 s £
distance = haversine (original _ data [i] [O], original _ data [i] [1], cluster _ center [0], cluster _ center [1])
distances.append (distance)
threshold = np.mean (distances) + np.std (distances) #1 5& BRI{H G 25 B~V 2RI — AN b v 25
outliers = [d for d in distances if d > threshold]
outlier_rate = len (outliers) / len (data
print (“EHE 52 ", outlier_rate)

K K-means JE2R45 RSB B SS &, A2IWIE 5 s,

o A i
e A
45
SB1" Ty e

Pl ey g
e
-

PR inile  OF
"

Figure 5. K-means clustering results combined with geographic data
5. K-means B4 REES IR HUR

B VLA AR S I g, A5 % DBSCAN 5 K-means 952545 BT 45 &0 LL 3. MEALTE
Fr FE, K-means 45 L5850 7 %5(0.3408) i E Ik T- DBSCAN (0.3512), 3% B FL 71 7% P "5 %5 14 R A% 1)
B IR E . FRIHIER, X SR EIRAENLEE DIARSE . WK 5 BioR, K-means KT
FEA SL(ELFEME PR ) s A BC B R — 7%, SECT RN FEA B, A EIBLR . M2, DBSCAN #
PEARB B ok, R T R E RE S O IR BRI A, TS B BE S aliig
BT X HIR, R RIS IS MG DRI AERRRIIFEEE, X558 5 1 bR
S RERE .

i LATA, TR RIERI R RV, SR AER S E LA LARE S L, DBSCAN Hik
o302 B @ T A 78 3 S i 8 o DR, 5 S AR BE b AR R AT 75 SR 20 #r, #4 4 5: T DBSCAN
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(IR Rt .
243. ETBREEMITHASKRERL

1) DBSCAN ZEE L 5 iE

S B 1T DBSCAN 2K, IFERIRE LI AAbR a4 3 . 18id Tableau 455 U5 5E
PEIRAERE R b B AL BR s BT E L R, 3B 4E R A0 R R 4 R

Table 3. Geographical coordinates of clustering centers
F= 3. BEALHIBAER

e L L
0 30.64504593 104.0624625
1 30.7323 104.1461429
2 30.69695 104.1645
3 30.8039 103.888
4 30.7483 103.9575
5 30.765 103.9348571

Table 4. Names of hot travel areas

® 4 RRHITXERR

159 5 Jit e ¢ B
NI =B
e KIE
IR
&5 VU S
iR IE
[EE

g A W N —, O

2) AR IX I R

S BAER R — DR DI & BRI “RZ” o — DRI R IR IR T 4R G S XIRAE
WA ZOLERE: 1) HATTRRAGHUEL, B OD mipZEx s, 2) AT R, B OD mifas
Bl AT N R & R PANERE, AR T () B AR B R AR R BETHE
R EAE, SRR AR REAS i B0 B ) (R B MRRAL 2 [R5 B, XA 7 ik RE A RO S B
R 9 B A RSB E . L, R R IR SRR AR A KL n MR, ANTRE AR R Z N
. wJa, MERBCFITR, CUARAEREN, &0 R EEd Kead i m el te . 25 ERTA,
FATAT LI B AN R AT BRI B T A 5

o THYZ ; (i,cm)}xn (3)

o, p, R mAEAME 0 FoREEITR A REA SR d (i, ) R | AMEEA S B
e, IR,
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R LL_E AR R GE 12 A s AT OME TR, BRI T S s, Hd, %58 3 1
frf A A AL AR O 5 1A RS 30 MY)E ) D mA i e A, BATIONIZHM g TRl #4708, B+
PLEZRIE QAR BT H, SRR PSS R BTV, BUHORERTH A QDL S PR Ak, 4T
JHERE, BA1ZWEG 5N 3 (7%

Table 5. Thermal value table of hot spot areas
5. MEXigHIER

o Bt % B L RRVSZ i3 LRV #IME
0 NR =B 30.64504593 104.0624625 63.0709249
1 RES K IE 30.7323 104.1461429 0.365256605
2 IR 30.69695 104.1645 0.743761378
4 TH RE K TE 30.7483 103.9575 1.199277829
5 JE RS 30.765 103.9348571 0.537022116

2.44. AEEBFHEEAE

DR AR S R R R B B (A SN 3)) IR S RO, T 30 UE 2 7 R vHE A S A T A )
FLSE CRE” o ARTTIERLT WA A AR R SO B R ERR bR, BN L T RIS TR (1 1 e . ik
HEFRPRIL R T

B —: RN OD miS B ST B TG sh B i ELRR I FE AR, RIS RSN OD 3 n.
—ANE RN 5 OD AE S R PR IEAH G

T T R AT IR bR T R S AR IR MR SR . TR SR N 1) OD s AT
SEIRZ S FEASTH(Kernel Density Estimation, KDE), FHHHUH% B i KA . AR Tz Xm0 8
(1) OD HAFB AR . —/NA AR 5 5 KDE W& {E IEAH K

THREARE A R SRR ) R PR BEEFR bR, IR S A SCIR I SRR A AE p #E47 B2 AR b AH G 73
#7(Pearson Correlation Analysis). 5% 1% 6 F17& 7 Fiax.

Table 6. Heat values and benchmark indicator values of each hotspot cluster

6. BRLENAEESEEERE
R 5 BT B B JR AR I IE (D) OD £/ 4(n) KDE &%
0 N R % =B 63.07 112 15.82
1 REA R 0.37 7 1.15
2 HEZRk 0.74 4 1.89
4 1 FERE 1.20 5 2.53
5 [EES 0.54 7 1.46
Table 7. Correlation analysis between heat model and benchmark indicators
7. AERBSEERRNEX S
pag= ] FE IR AH 5% R EU(r) P{H
JRAGH I (p) vs. OD A H(n) 0.998 <0.001
JR 46 #4778 (p) vs. KDE VW fH 0.989 <0.001
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FHRPE TR B, ARSI I RO AR R T 55 R SR A6 24 0B (p) 5 OD s i 0 (n) ) B 2R 3 AH
KEH 1L 0.998, 5 KDE WEE ARG R A LS 1 0,989, H P EAIZ/NT 0.01, RN BIIGIT
BEMEIEMRK R

3. ETRBEARNBERBITREEREXE S

RN T T TR AT PRI 22 75 SRAS DU R T BURF BT T HEAT S0 576 35 (R 9nk iy R A 15, RE R AR T 52
A3 A R AT BT T RAS IS AR R ASTA] S I RN R AT XA = AN D5 it — 2D 0 W R R AT /5 5K

3.1. BRHITHREIFER

FEAFEFRATTHE RS DA b3 e A i ik ) BEHEAT 48 70 41141 6 ANIEL 7 om0 AT I vy WA I B ) A 2 351 A
HoR TN O R R B HEAT TR Gk . Bl B IUWBT BORFAE: 9:30 FiT4E A FiL 75K (D )5 10:00
AR R TG R(O K1) 73 BN L T A% Gt 85 I AR 35 W A5 AN R HR M A AR Y AT 5 . “F ) 16:00~16:30
(1 O sl /N VI 5 S 2R T I 8] v FEWD &, TR v e DU B M P B 1 R AR B 2%, BT 19:00 Ji5 Y H
W5 20:00 A A5 BNER . PO AT 7 SR I R 2 T (RS v % I, AR R ] S sh A A TR
S PR T SR HE -

it

N
o

%
5
v

s F
&
»
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Figure 6. Division of hot time periods on rest days

E 6. k2 HARBTEEX
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Figure 7. Division of hot time periods on working days
7. TYE B RTE BRI 53
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Figure 8. Infrastructure near section 3 of renmin south road
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