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Abstract: Aiming at the problem that the performance of intelligent detection models was limited by the representation
ability of original data (features), a residual network structure ResNet-32 was designed to automatically mine the intricate
association relationship between original features, so as to actively learn the high-level abstract features with rich seman-
tic information. Low-level features were more transaction content descriptive, although their distinguishing ability was
weaker than that of the high-level features. How to integrate them together to obtain complementary advantages was the
key to improve the detection performance. Therefore, multi feature fusion methods were proposed to bridge the gap be-
tween the two kinds of features. Moreover, these fusion methods can automatically remove the noise and redundant in-
formation from the integrated features and further absorb the cross information, to acquire the most distinctive features.
Finally, block-chain abnormal transaction detection model (BATDet) was proposed based on the above presented me-
thods, and its effectiveness in the abnormal transaction detection is verified.
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WATERG V-SRI S0 BT o 2% RE DX A e 5 2 2y A DM
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PG TP CObR T 1A S i s M i R A TR I T
XUk 49 AMSLHN TR . oA TR R PR Eds
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TIE B 38 N i 7 RN X B AT ) S AR I P e )
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ey >) B RE J5 R ] LR 23288 A TIRIE .
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WCE R 200 R ZRER T AR AR S8 il — I 2R RI
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Python #8242 2% Sklearn0.19.0 SZHL LR,
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1) VPl Elliptic 24 4EH 166 45U 4R 1ELE LR
Iy KA BRI AT S R e, 124 Raw.
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4) VFI S SRR S R 2 R AR R & AT
B ) SDAE HEAT RiltA i 1) 55 28 Zy kil v fg
Bl RRSF.

5) IHEZ LB SDAE ATl RHIEALE 4
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%3 XPRERE R HINEER
Jrik Accuracy  Precision Recall ~ Fl-score MCC
Raw 88.70% 32.86% 70.91%  69.31% 43.20%
ResNet-32  97.46% 86.18% 72.58%  88.72% 77.79%
RRCF 97.53% 87.49% 72.30%  88.93% 78.27%
RRSF 97.77% 92.89% 71.20%  89.71% 80.24%
RRUF 97.86% 94.59% 71.10%  90.02% 80.99%

4%, A Elliptic a8 166 454Gkl
25 LR 432848, LAVPAG IR AR R b AE 57 1 28 2o Ar U 1)
R, VAR R FEE VP Al A SCPr 2 1K) ResNet.
RRCF. RRSF fll RRUF [\ %M. MK 3 150, 7
MFE ML RS HEE N, AX®ITH
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