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Abstract

Traffic efficiency diagnosis at urban intersections requires continuous processing of surveillance video

streams for vehicle detection, multi-object tracking, lane-level feature extraction, and congestion
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propagation prediction, combining high-frequency video processing with continuous temporal

reasoning. Existing systems can complete the full workflow, but their practical implementations often

suffered from serial waiting in front-end video processing andredundant window construction in back-

end temporal inference, affecting system real-time
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performance. To improve end—to—
end efficiency, a collaborative
optimization scheme based on an
asynchronous pipeline and sliding—
window Inference was developed. The
front—end stages were decomposed into
connected stages for video reading,
object detection, multi—object tracking,
and result output, linked by thread-
safe queues, so that different batches
could flow through different stages in
parallel. A  fixed—length temporal
buffer was maintained at the back—end,
and the Thistorical window buffer,
resident adjacency tensor, and
inference scheduling state were reused
(while keeping the ST-GCN forward
computation graph unchanged) to
reduce redundant window construction,
data copying, and scheduling overhead.
[t was shown by experimental results
that, on the same T-intersection
surveillance video containing
approximately 109, 300 frames, with a
resolution of 1920x1080, a frame rate
of 30 FPS, and a duration of 60
minutes and 43 seconds, the optimized
system reduced the total processing
time from 281.90 minutes to 27.60
minutes and improved the average

processing frame rate from 6.46 frames

per second (FPS) to 65.94 FPS,
achieving approximately 10x end-to-
end efficiency improvement. Ultralytics
StreamlLoader was further evaluated as
an open—source streaming inference
pipeline baseline and ONNX Runtime as
an inference backend baseline.
Ultralytics StreamLoader achieved
51.54 FPS on the same video, while the
frame rate was further improved by
the proposed fully optimized method by
about 1.28 times. In the single-sample
ST-GCN inference backend baseline,
the average inference latency was
reduced by ONNX Runtime from
4.5584 ms to 2.1901 ms. It was further
shown by consistency experiments that
the sliding—window mechanism did not
change ST-GCN outputs, and front—
end detection and tracking results were
not changed by the asynchronous

pipeline.
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with torch.cuda.amp.autocast(enabled=True):
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prediction=model(window_tensor, adj_tensor)
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JE 3 ST~GCN 18 3l F —Z0iE 5 150 2
REESLES, T 50k % 40 8 i HE B A g 5
T e S A M R . AR (A S H A
FH TR B FE PR o 55 282 A i fon U 5

i SYER O AN I I R AT Y R A T ) SR i
Rl £ B . R HEDC RS IR . EAR AL
B ID &R PR —EL

LEIEITF BN — BB R,
BRI BE A0 . AL 4 R Intel(R)Core
(TM)Ultra 9 275HX, Jh 32 & F K
NVIDIA GeForce RTX 5060 Laptop
GPU, R fF % & N 8GB, RLE N IEH
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fi o BB W T . Python 3.10,
PyTorch 2.6, CUDA 12.8, ultralytics.
OpenCV . ONNX Runtime & {{ i 35 i B
TE Al — conda IR ER H, DARIE A% /7 3%
FERE M T IBT,

7.2 GnEimtEREXT LA R

F VA TR A TR — B
109,300 Mgt MR- A S 44 1k BB AT L &5 A
& il KR A% S BN I H A G v i,
Z AL BRERE | B A U H AR 0 SR
SO, AR JT ¥R Z AIAFAE H M 2 5,
(B A 52 3 35 BT A — AR A 56 e . AN
ST DUE 1, 850 J7 eI 281.90 43
B, HAEFIIFPSH 6.465 K4
eI 28.10 43 8, H & F19 FPS ik H|
64.76;5 7 B % LA FE IS 294.02 43 £,
H &% FPS N 6.205 44k 7 ¥ FE I
27.60 %, HEFHFPSkE]65.94,

xR DUMTERAIEEENTE

Tivk ShesNan ey S H]/min H & FPS MEEEEY
(ViR 109,300 281.90 6.46 fbErBZE
SRR EAIE 109,200 28.10 64.76 e
W E DR 109,314 294.02 6.20 (R pERE4
2t 109,200 27.60 65.94 [
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B IR S50 5 P 7 A AU A B A A R
BEFY B, T B A AL 32 AR AL S
ST-GCN & Ze e rf 1 F L H 5 0 JE I
B o 24 S T EIURR N R A B B R o HO AR
I, B UG S i DA S 25 0 oty 1 oty 7
mh EE, R 4R RS AR H
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I [R] il e pb o e, 1 W UL I s MO 30
B IPLAL I, X 38 4% i 20 FE I 1 5
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(] it Ze RF I B /N, SRIRAE R o 58 B I
KREHOE TG, R G0 R v 4b B [H] 8 K 0E
R4

K5 R T 4 Em AR 1 FPS 20X
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LIEARYEFEAE 6 FPS A s A i AKER A
R AR A FPS i 278 T 1R B Be el |k
b, ZEREEREXIE, AR R
HiFo
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IR . GPU BRI Eis6 . BIERS
LBEHEEREAFX, FEEBREAZ, X
KW B m At arie TN, BT
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#H B Ultralytics StreamlLoader 3% 28 2 7}
29 1.28 (% ; RALEI ] dy 35.34 43 fh gt —
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EenR AR e Re, (EAER N 28 TE AR S 4 i
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B 66.86 6.13 9.2% hEENkE

TOEW WS, Wl
GStreamer—Queue ST it K 22 1k 2k
{H4 1] Windows 5250 FREE H 1) OpenCV A&
J3 H GStreamer 3 #F, B AR HI A IE
Ao NPRUESCEG AT S B, B
B M RRE /T, HE YOLOVB AR
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BRI U i e A e FL
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CIECPEEE 5 P PR RE R, EE A T (g
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&3 MEPTRRIVEIREL 5IZTEXLE

PN 1 51 VA

Ttk WA ZKIE H il A £
min FPS
(RPN FSCEleRfrimfe 109,300  281.90 6.46 BRI
Ultralytics StreamlLoader TS 4 109,300 35.34 51.54 stream=True
Seb gAML HSIR K2 109,200 2810  64.76 W B figm+ BAF A T
IR MR 109,200 2760 6594  SBRKLHEDEIEN
M TR ONNX Runtime J& i 5F- 5 # B2 1€ 1R K

* 4 %4 H T PyTorch J5 % F1 ONNX
Runtime Ji5 ¥t 0 4f BE 4E 1R 5 73 01 GE X He
ZER . AILLEF], PyTorch g imEEH
HER A 4.5584 ms, X FPS A 219.37;

2.1901 ms, X5 FPS N 456.59, ONNX
Runtime #§ % PyTorch ik F| 2.0813 %
JilIpE

#4 ST-GCN PyTorch 5 ONNX Runtime S84 AHEIBIHRENTLE (batch size=1)

B 54 SHHEIR/ms BRifEZE/ms WPV E/ms  P95/ms FPS JimiE kL
PyTorch CUDA 4.5584 0.1595 4.5273 4.8995 219.37 1.0000
ONNX Runtime CUDA 2.1901 0.0501 2.1864 2.2636 456.59 2.0813

KO —H B M T PyTorch i th 5
ONNX Runtime i i Z AR EUE 22 5. W
Tl Je ity i 14 5K BEIZ IR [1,9,3], k4
X208 1.1005x 10 -4, SFE¥ 40 % 2
2.5352x 107, ¥JJTHRZE N 3.9914 x 1073,
BT R RIRERE T 10 FE, HIE™
¥4 1 allclose(le=5) fil allclose(le—4) £& £
T ARER . ZBLS K R E S
Uit (RSB L T AT R RN I A SR
W MR,

R g R, ONNX Runtime RE#%
BERFALST-GON HUE RS AE IR, (HE
JB& T L i B R R R AR . 5 R
FH P ECAEAE, ONNX Runtime A8
LR AR AT A AT A B
HE 2 ) R AT SRR IR, N B R Ml e
gl = A A5 1 S [

25 ST-GCN PyTorch 5 ONNX Runtime i-HZES

Ei=1) HfE
LIRRHIZ 7N [1,9,3]
IR AN 22 1.1005 x 104
TR 22 2.5352 x 10-5
B 3.9914 x 10-5
allclose(le—4) False
allclose(le—5) False
R A5 2 L True

ONNX Runtime 51Z i H A HA KR .
BB M EHEFR ST L, & M E RGN
LA

7.7 ST-GCN &z & O — B 1HI8E
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(EG R PHIFER /ms/window 0.089944
W BN A FER /ms/window 0.079667
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b, G RN S O HEEL A BN
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H e R AT 22 | 4T 22 R iR 254
RO, FHEE allclose(le—5) &4, X i ]
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T8 . FFERIAME, ZSLE R0 5
RIEPEE ST-GCN #5125 1t 7 0 G
T 2 B UEAR AL BT I B 25 R R — 2,

7.8 ST-GCN Tl #5 & {R 538 4iE

bR o — B AN, AT T
TUAS R OR e S 6, SEEG S 2,000 AR Al
FEAS, 43 BISR & 588 %6 ST-GCN #EELFN
WEE O ST-GCON #EH AT, iP5
MAE. RMSE M R*8¥5, HI T P78
FIRE RN« A RSB AU RO A [R] 48 B2 4E
B, T8 A UL AR SO R T LA IR
W 755 25 1) T 4 B N 6 4 — B, SEIR A5 IR
W7 PR

B8 7 T L, L G0 8 o 4 RN 9 B B
FIHEREZE MAE . RMSE fil R 45 b sg4s—
B, ZTURRZEESR 0, X —H U,
2 PR T Bl T HE BRI LR T B A
ST BT ASFEE TR, A
ST-GCN BERUA L (i ] oS85 5, oA
SHNBANIMRZE . FERPME, £
R Bk T2 B T 6 UE T B % AL 1
B ST-GCN BB Y, A2 AT EH
T ST-GCN AL A B [ i 68

R7 REEEST-GCN 5:85)E 0 ST-GCN FEE
{RISHIE
Jik MAE RMSE R2
FEGEFEE 0.811063  1.017129  -0.020258
WA O 0.811063  1.017129  -0.020258
4axdZEE 0.000000  0.000000  0.000000

7.9 w5 2R ER ) HH #8 RE 1 0RE

S K AT A 3 B B i g A0 A Ak
BT LTI, AR R i
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MRS K ERME . B PR 2 BAR
BEESE. Fib, 7R A, BALRE
FIR B 2R Bl B R — BN BN, LT
Je I i oy AR R AR o A BIEIX — T,
FE 7] — BEALA L fih B 2,000 i EAT 46 0 5
PR e R e RS

SEG 4 B A= B 4w i H S AR A

A o o H SR, ZE A R YOLO
FUEE . MR AN Hess . AR TR ELAE A R AE
FH A ToU (B FTHH [A] DeepSORT R B gs &
B By H SRR JSONL A% 20 st 4 — i
HIRCIAE . BEE . RAMELEID, %8
25 T W uw SO A okl R 1 s AT
W%

R8 AN SIRFRE S ERIDR

Hr S AOFRIEL GIHEE EEE
baseline.jsonl 2,000 640 0.25
optimized.jsonl 2,000 640 0.25

. ToUMIME SEAAFERY /ms HERLFPS
0.45 9.1736 109.01
0.45 6.9960 142.94

THEPIAM L, RSN ZREF
JBBIRAS | K . BTV GPU R
AR, R % 2 32 B 0 SR
SR ARG R, AN FRE R A 1 Sk
TR SE S o A7 v 9 e M N D 4 i 1
ST (328 DG e 2 51 O 1

Fe 945 T HT A I 5 R B e AR
PR AE IR, LI 4G 2,000 i, E:Z
oy RN OC AR B S 279 MR B AR
VG e 4G U R 2790 199 3 125 4 Ml R 0 50
%149 0.1395, el Esee—3, LRHE
X R UC FE 2E  1.0000, SEHI UL [oU hy
1.0000, EEEFH4aX2EHh0, FH—H
1D PLEEE 1.0000,

9| L, £ 2,000 Wil 6 7E Fl Y,
AR e T A6 I 5 B gt 5 A — K
g . D AAEDCRL . BEE . HUZID
B AN B FE I QR AAS o X B
S5 P K B A AL A O B i R 2 R
HoME R T Bk A TAHL T I %,
T AN A2 SR ARG 0 R B o4 s ) P A

7.10 iHRhsCIE

S B EL R b B A 4% 3G 4K 5 R Ak 2
TUER, BT T RNSCES, AR R 10
TNo FEETTEAE OO A5 T o 2 3 H A&
P FPS 6,465 WU Pk L R,
i 5 H &A1 FPS iK% 64.765 Ha H
WEE O, EfEE O — BRI T2
T, ST-GCN 5% 5 45 #6 I 11 0.089944
ms/window % & 0.079667 ms/window,
sty B3 H 2245 FPS 28 6.205 4 I AL
FI A, R b H S5 FPS ik
F]65.94,

WYL A 2, # 10 P ST-GCN
FALGE FE N A R i 1] — B I E A e
CIEEYS FER, 5 ONNX Runtime 5 326
SIIG ) B AR R 7 HE B AE DR SR v 1 4%
ANJA

THRRZE SR, w2 o PR RE AR A B
K E AT S A K 2 W Bl E DAL AR
I i 1 SEAE PR PR T R A AN AL, I
e G S M o T N el il U P s
FFUE IR A HE A e B Zef ONNX Runtime
SEAG HE— AU B, 8 Y = B A AR
HE i A AT DA R M pE U 2, HR S
PAF AT T EE A W B L WK I
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®9 AR SERERAIDTRE EIIE

=N A
FIREIEL 2,000
Boe2 JRllESt 279
oAV ST AL 279
YRk 279
BT HARNIEL M 0.139500
AL PRI i 0.139500
SRR A A X 22 0.000000
A 5E e — B 1.000000
T FHERTFRIGHL =S 1.000000
FLA M TR 1.000000
oAl JERE R 1.000000
VEHECHESEH] ToU 1.000000
BRI 2 0.000000
[l 1D Eff] 1.000000
FEME—HU ID %L 13
A HE—i ID %L 13
FEACTI Ol 18.769231
A E K 18.769231

AUEESL T 1 FE AR A — P T

8 IEZHiie

8.1 MHBZREHMELR

RERATT LR B AR 2 52 i R Se s it
WHRETT o S TR ZAR I 2 CPU A&
—EFFREETT, A ESIEMAER, W
el 2 H AR I 25 SR P i A 2 =
By WS E DR ERSN RS E], H

RARAT 7 SN PP AR AT 3 LIRS o T X
MR, RITEREE A E RS —EIF
ISR GPU P& b HHEI S M
IR AN AR I Sz ag b, Was T
RS2 B IRA . SIS T Sl
Bortr, B LIEMRAELER . =Lt
BT B A R T R G

Se 2 [37]

E S

It

8.2 SWEE SRS

DA TT 5 B LB QLR T 535 254
KE, WRIRESEIREHEYIHL . X5+
P ARETE , MBI/ RS2 R
LR ETT N BN E I aE 1 5 )E 50
FEIR ; WY RS, B RN
AT AR S E IR UL A &
Mo ZEE AR b S i 2 R
M 7 S S8 A0 B I A Z (RO R 2R

DAt AR R /N B LB 75 Q M [
KR/NW B, B H AR TR GPU
FIH (BT BB R B I B LIS 17
WA QI KA B T2 wesh, it
B BLig EE AN DU RCIE B AR EE , A th &4
KPR ZHE AT T 75 (BRI [A] 5 W 3
AT LASE S I e A SR T RE D AN 2 A7 2 T
WA, (At 2R AT LURCIR S
HEAPTTH

8.3 fiLHHmER DR

R0 ARSI

e i/ 245t HE FPS ST-GCN HEFFERT/ms U39 H 7515 FPS
B (Tl 6.46 0.089944 6.46
SRR Z 64.76 0.089944 64.76
WBNE 6.20 0.079667 6.20
Rt 65.94 0.079667 65.94
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PRAT e AL HEAE St w ) Tk — 20 e 4 i A
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Runtime B8 & & {F 2y 18 A #E 2010 B 2,
TensorRT ¥ g 0] T1EIL B AL G . KB
RN AZIE BT NVIDIA GPU L i #
%, DeepStream Tk & £ B A0 40 1Y
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HEEL B W R G RPATHLRNA, Fiks
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W7 ¥ A B, A

M. 2 HARRBEFN S St AT =K,
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B B A5 TRIMERET) . B2 Ty ik
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