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Motivation
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Different thresholds for high-emission identification: (a) constant threshold; (b)
dynamic threshold. When the time span of driving conditions is long enough, the

constant threshold cannot capture high emissions as accurately as the dynamic
threshold



Main idea

»We establish an emission prediction model, long short-term
memory (LSTM) based on evolutionary algorithm optimization.

» A dynamic anomaly threshold operator is proposed to identify
high-emission samples in changing driving conditions, where the
decision threshold for high emissions will change adaptively as the
driving conditions change with time.

»An anomaly pruning strategy is introduced that calculates the
similarity between normal and abnormal sequences, to correct the
possible pseudo anomalous emissions in the identification results
and improve the accuracy of high-emission source identification.



Framework

. )
B b Nt it P, e Tt i Pl i . i, ™

________________________

] ! ] X L
] - | 1
t [ i P e v, ot o e ey | ! X, [ i !
1 [ B Ak A B bl i b ¥ s bl | ! X, > [ |
o [ VTR ORI [ W T ! 1 - B L
(g _ I—M .
' nHot Wl N4 (o A, Wt it b b ot ot [t : [ X g b
1 (st Ak o el et 1A, | . | = > :
IO YRR YWY TV YO PR O i = : ' .
e Step 3: correct pseudo anomaly emission
IR Y RETVE YO NPT & H \ Xy P - ; P P Y
_____________________________________________________ Pt T TPy p oy pepepep e
Y X = {X',X_E,_“‘X_’} 1 (True abnormal emission (" R
RREOERELELEE {{ mputvectors  }=r--ttiiirR e | et
' b Dissimilar
| ‘ l ' : Normal emission ° |
! W W W e W W ( AR D) '
! s f s [ Similar Normal emission set] |
! Attention Iayer| 00 - 000 ]-— Output the best t 1| Pseudo abnorm: |
| indiul i Rrecam smiarry | | LD |
COX = {wiX] WIXE, .. WX*} Y et ® arity | | LA A
H : 1 \_ calculatlon) \_ Py
1 : L gy
! s . 1
1
| LSTM layer m m—g 5
I 'Sl S
H Selection/Crossover/ ! e . i
e | pervised exception |
E Vanilllon i : threshold <:D :
' Calculate the VY Seanning window Slid ) |
| (“outputtne pred ction result 7, ) finess valve for [—| 1 | | Side, Curent scanning sequence |
: i ] : i 2 [t ol |
I S Initialize the [ e e I
! Calculate the Loss = RMSE(y, y) population e e T |
1 N . . " N N
. Step 2: identify anomaly emission with the unsupervised threshold
i forecasting error | " x ) i P fy y P
AN N R n P - 1
Il i rUfT Y Evolutionary optimization !

Step 1: predict the emission concentration and produce error sequences

Framework of the proposed methodology: train the model for time-step attention
optimization based LSTM (TSAO-LSTM) to predict the error sequence; identify
anomaly emission with the unsupervised threshold; correct pseudo anomaly emission



Method
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produce error sequences



Method

2. The scanning window slides on
the segmented sequence of
prediction errors, and the current
unsupervised anomaly emission
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Method

3. Similarity calculations are performed in normal and abnormal
emissions. If the similarity is high, the pseudo-abnormal emission is
corrected and reclassified to the normal emission set; if the similarity
IS low, the abnormal emission is classified to the high-emission set.
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Major results
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Major results
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Conclusions

»An unsupervised dynamic threshold discrimination method based
on time-series prediction has been proposed for accurate detection
and identification of high-emission vehicles.

» By establishing driving conditions in continuous time periods, we
formulate vehicle emission identification as a time-series anomaly
detection problem.

»Experiments on the Hefei mobile source OBD dataset show that our
proposed method is highly accurate in high-emission identification.
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