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Traffic Flow Anomaly Detection Method via Counterfactual Generation and Uncertainty Quantifi-
cation

RONG Yue,ZHOU Qiang,GU Jingjing
( Department of Computer Science and Technology ,Nanjing University of Aeronautics and Astronautics ,Nanjing 211106 ,China)

Abstract ; Existing traffic flow prediction models typically focus solely on improving prediction accuracy while tolerating anomalous
data, neglecting the importance of anomaly detection and attribution in optimizing intelligent transportation systems. To address this is-
sue , this paper proposes a traffic flow anomaly detection method, CUG-U,based on counterfactual generation and uncertainty measure-
ment. Specifically, a counterfactual traffic generation module is constructed, which maps traffic flow data to a high-dimensional feature
space through self-supervised training, perturbs the data,and then maps it back to the original data space, ensuring the authenticity of
the counterfactual traffic flow data. Additionally, an uncertainty measurement module is proposed to evaluate and quantify the uncer-
tainty of input data from both temporal and spatial perspectives. Finally,by combining the generated counterfactual data with uncertain-
ty quantification results,a multiple sampling strategy is employed to optimize the selection of counterfactual traffic flow data, thereby
achieving precise anomaly detection. Experimental results demonstrate that, compared to baseline models, CUG-U exhibits significant
performance advantages in traffic flow anomaly detection.

Keywords : counterfactual generation ;uncertainty measurement ; anomaly detection ; spatial-temporal data mining ; Bayesian neural net-
works
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Fig.1 Comparison between traffic flow prediction

and traffic flow anomaly detection
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2)LSTM™" . LSTM ff 2y — Rft SR f B s 3008 AL RS 3
REB IR W B BIE PN PR . AR T, E Xt
LSTM #AT80E ,  H RS 7E R IR IR B 22 Ak i 8w R B, R 51
HEEFEURBERANFERES.

3) Transformer'®! ; Transformer £ By ZEAb B B B R 36
R EEA MRS H B R VLR DA SO 30 E IR
BEEPHEENZ. AP 5EET Transformer R ) 251,
SIASE R IALE , B B P51 o B R s, R E &
RN 58 B AIR B 8E .

4) STAEformer'*! ; STAEformer 58 3F 45 & B 25 434 14 4
E5mEAR , BRI TE 4T 16 12 30 38 I B 23 1Y 2 IR) 5 B )
REK. BT STAEformer FHESR , 4 SO0 H#EAT T &, i

(25)

Precision =
Recall = (26)

Fl =2 (27)
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5)MTGAE""" : MTGAE 23558 5 % Rl &Y, 45 & F B
LS SEGRHERME, B EMRIEEME T TR
TR 25 SRR 2 s JRI S 0 T S 0 AR M ) [ . AR R
BB S PR - BE R R 46 BB A0 B B R T8 31 B
TG, T IRGI R R 2 KM P TS

X SR R Y B Sh AL, SRR TR R 7R SE
TRERE P S R E 7 , O 5 W I R 38 G B LA
R T HTH BB 7 s
4.4 BYIRE

AR LKA R R R Linux RE T HRHTHE
B, A RER AR UR G ER R REN L RATE R, 5
FAZT Pytorch FpLa% % 3 HESR, 22 59 & 5y 0. 001, HE B K/
32,3833 Z-score FRELK EIR AT RI[ - 1,1] 0. BIREY
SR BE R d=64,d,, =64,d4,,=24,d,, =24 K, =5,K, =
20,2=0.1,8=0.1.
4.5 TEFHRFHRNEG R

=3 B FEEEE BEAR LA BARE  frp 308

#®3 ARG EETAGESEHREMGP LR
Table 3 Traffic accident detection hit results
under different recall rates

Wips R 2% 4% 6% 8%  10%
VAE 0.8623 1.7361 2.7500 3.8322 4.8252
LSTM 1.0326 2.0058 2.8791 3.7198 4.5814
Nyca Transformer  1.0302 1.9779 2.9000 3.7186 4.6198
STAEformer  0.5116 0.9688 1.5243 2.1227 2.8009
MTGAE 1.0267 2.0267 2.9663 3.8860 4.7279
CUG-U 1.1004 2.0324 3.0741 3.9444 5.0127
VAE 1.0098 2.0507 3.1002 4.1636 5.2327
LSTM 1.0132 1.9643 3.0265 4.0029 5.0265
Nycg Trnsformer  0.9770 1.8813 2.8957 3.9286 5.0611
STAEformer  0.5720 1.1820 1.7863 2.5144 3.2500
MTGAE 0.9931 1.9551 2.9839 3.9718 5.0340
CUG-U 1.0501 2.1077 3.3122 4.2840 5.3324
VAE 1.0231 2.0345 3.0475 4.0899 5.1651
LSTM 1.0061 2.0185 3.0433 4.0975 5.1395
Nycpp Trmnsformer 10183 2.0084 2.9763 3.9553 4.8998
STAEformer  0.6481 1.3179 1.9851 2.7231 3.5385
MTGAE 0.9994 1.9803 2.8721 3.7686 4.6164
CUG-U 1.0447 2.1323 3.2387 4.2450 5.2214

HRHBE. 7B E R A 4 R, CUG-U IR RE S 7
FHFA B T E £ Hiv, R IRR R g% A AR 5l
FRXSHAR P R RE . LSTM FI Transformer 524 () = 31
BOMLSR:  X— 4R 5 30GE B AR R R X, T
LSTM i 0 &M EE & MR 28 H Pt 2T,
Transformer #E2Y RE 4% B8 47 i 0 & J3B, (B B R AE T L&
VAE 75 A B RN R E HEEE G R RPRA, KR
RZEHEE. RE VAE = B2 B 2EMee S, HE
BB —ERERIEIERE S, BRI 2 3 R B Kt ]
FHRMER R E B, AR AL 32 [R5 8 BT 2B — e 3.
STAEformer 5 & iR IO RAE X 45022, FT BB B T HIR KW
A2 SR RE DRI AGE F A R R BB, S BB
BIRREH , SEER TS A SO R R BB E. MT-
GAE 7ESUE S U 50/ OR LA, 1L RE 2 JE A= i 3
RUSCRZ W T . X 7T BB Bl D MTGAE K381 T 15 i 7] £ 4B
BAERE , A0 HP R P A 2 S 48 15 P 199 2 - DX 3 > TR B
HIEIE, ARESE & R BERR B EEX R, U AT RES | A RSN R
7. BEE BOREAE R SRR E R EE. M
T,CUG-U RIZELHE BEEESHWUE S WRTRT 5k
E BB ARBRR.
4.6 RETERERWLE FE3EL
SEEREMENEL RI0FE 4 Jin. AR EISEHIE
Kl 2558, CUG-U #RI7E 3 MIBE B F1 25405138
7 0.7346.0.7185 #10.7434, B E M T HMER. 2T,
VAE ) F P B % T LSTM H1 Transformer. X T E B F N
VAE BEZXERERBNZRRR, BB T B EIEE, Me
TH %) 53 R0 ) 75 282 o B o 5 [ B 4 4 8 ) 45X, Transformer
FIRAECRE T LSTM, JR B 7E F Transformer 5@ iR A
B BEGE 48 SR B E) 57 H A BB 56 R , DA T ZE B TR
PR 5 R 5. 1 B RUER AN of 23 o o PR A 7 A
FIUEBN AR MESHNRALARNE R, SRR EH.
STAEformer $ %) B R 2% AR E W BT, (H2ER R
R4 R B AR an Eo b B RY , 53X T BB 2 F T STAEformer
AR EAHE R T e E L SIS EIR 27, REER
FEBAERE AL 5 T . MTGAE [ Sy 45 8240 My e s
SR, BEE SR R N, BORZ W T . AL Z T, CUG-
U R ALE 45 S ARz R 4E BE Y B R 7, R R B 4 42
BE T B HE P 1Y 25 B AE S M R0 R A , T S8 4

#4 HRGEERTRECERBENER

Table 4 Anomaly traffic flow detection results under the same recall rate

g M HERR VAE LSTM Transformer STAEformer MTGAE CUG-U
Precision 0.4552 0.5617 0.5812 0.2464 0.5210 0.7211
NYC3 Recall 0. 4867 0. 5646 0.6456 0.2600 0.5452 0.7888
F1 0.4598 0.5536 0.5928 0.2476 0.5243 0.7346
Precision 0.4847 0. 5681 0.6150 0.2257 0.5135 0.7113
NYC6 Recall 0.5076 0. 5600 0.6541 0.2315 0.5254 0.7551
F1 0. 4869 0.5563 0.6188 0.2246 0.5156 0.7185
Precision 0.4889 0.6251 0.6071 0.2255 0.4591 0.7304
NYC12 Recall 0.5291 0.6339 0.6688 0.2342 0.4882 0.7953
F1 0.4964 0.6188 0.6181 0.2255 0.4628 0.7434

WrHERRHERNEES. 3 HARAENEEEL,

CUG-U R REBUR A M R AR X RS B
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