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Anomaly detection in aerial and ground videos using dual-stream network with

memory enhancement
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Abstract: Objective Video anomaly detection (VAD) aims to automatically identify events that deviate from learned nor-
mal patterns in video sequences and has become a critical component of intelligent surveillance systems. It plays an impor-

tant role in public security, intelligent transportation, industrial inspection, and urban management. With the rapid

%5 H #3:2026-04-14 ; 18 5] H #3: 2026-06-16

*BAEMEE  BAESE, B RO ST A B ) IS A . E-mail: jhlyu25@stu.xaut.edu.cn

EETB :BITE AR 3 4 T H (2024)C-ZDXM-35, 2024JC-YBMS-573, 2024]C-YBMS-458) ; Bk P4 44 £ U % 4E A A $E 28 31 &)
(20240146 ) 5 1 [ 155 A% 7= 4 B 180 56 4 -5 — A0 £ B R QU T B (20241T088) 5 4= 4 T I 4 18] % 8 & 1157 0 5 S 960 =8 g i i v B
(20252Y01019) ; P42 B TR 2 A0 3 4 e B3t H (BC202621)

Supported by: Nature Science Foundation of Shaanxi Province , China (2024JC-ZDXM-35, 2024JC-YBMS-573,2024]C-YBMS-458) ; Shaanxi Pro-
vincial Association for Science and Technology Young Talent Lifting Program (20240146 ) ; China University Industry-Academia-Research Innovation
Fund - Next Generation Information Technology Innovation Project (20241T088) ;the Open Research Program of Laboratory for Microwave Spatial Intel-

ligence and Cloud Platform under Grant No. 2025ZY01019; Doctoral Dissertation Innovation Fund of Xi”an University of Technology (BC202621)

© i [E KR AR IRAUIT



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

deployment of unmanned aerial vehicles (UAVs), large-scale aerial video data have become increasingly available, creat-
ing new opportunities for anomaly detection. However, compared with conventional fixed-camera surveillance videos,
UAV videos exhibit substantial viewpoint variations, severe object-scale changes, dynamic backgrounds, and complex
motion patterns, which significantly increase the difficulty of anomaly detection. Although recent deep-learning-based
methods have achieved promising performance, most existing approaches focus primarily on appearance modeling while
insufficiently exploiting motion information, despite the fact that abnormal events are often characterized by unusual motion
patterns such as sudden acceleration, abrupt direction changes, illegal crossings, or abnormal trajectories. Furthermore,
reconstruction-based and prediction-based methods commonly rely on generative models to learn normal patterns and iden-
tify anomalies through reconstruction or prediction errors. These models often suffer from the over-generalization problem,
where abnormal samples can still be reconstructed or predicted with relatively low errors, thereby reducing the discrimina-
tive capability between normal and abnormal events. Therefore, developing a unified framework that can effectively model
both appearance and motion information while enhancing the representation of diverse normal patterns remains an important
challenge for anomaly detection in both ground-based and aerial surveillance scenarios. Method To address the above
issues, a dual-stream memory-enhanced network for ground-to-air video anomaly detection is proposed. The framework
adopts a dual-encoder single-decoder architecture. First, a pretrained FlowNet2 optical-flow estimation network is
employed to extract motion information from consecutive video frames. To prevent overfitting and reduce training complex-
ity, the FlowNet2 parameters remain fixed throughout the training process. The original RGB frames and corresponding
optical-flow maps are then fed into two independent encoders, namely an appearance encoder and a motion encoder, to
extract multi-scale appearance features and motion features, respectively. To establish a stronger correlation between
appearance and motion representations, a variance-attention appearance-motion fusion module is designed. Specifically,
the spatial variance of motion features is computed to characterize the intensity of motion changes. Regions exhibiting large
motion variance, such as sudden acceleration, abrupt direction changes, or unusual object movements, are assigned
higher attention weights. These weights are subsequently used to enhance appearance features, enabling the network to
focus on potentially anomalous regions while suppressing irrelevant background information. Through this mechanism,
appearance and motion features can be deeply fused at multiple scales, resulting in more discriminative feature representa-
tions. To alleviate the over-generalization problem and improve the learning of diverse normal patterns, a memory-
enhanced module with a dynamic update strategy is further introduced. The memory module consists of multiple learnable
memory items that store representative normal feature prototypes. During the memory-reading process, query features
extracted from high-level fused representations retrieve the most relevant memory items according to cosine similarity. The
retrieved memory features are then combined with the original query features to generate memory-enhanced representa-
tions. During memory updating, a regularization score derived from prediction errors is employed to distinguish normal
frames from potential abnormal frames. Only features associated with normal frames are allowed to update memory items,
thereby preventing abnormal patterns from contaminating the memory bank. This strategy enables the memory module to
continuously learn diverse normal behaviors while preserving its discriminative capability. In the decoding stage, multi-
scale fused features are delivered to the decoder through skip connections, allowing low-level spatial details and high-level
semantic information to be jointly utilized for future-frame prediction. Furthermore, efficient channel attention modules are
embedded after the first three upsampling layers to adaptively recalibrate channel-wise feature responses and enhance pre-
diction quality with negligible computational overhead. The entire network is optimized using a joint loss function composed
of prediction loss, optical-flow loss, feature compactness loss, and feature separation loss. These losses collaboratively
encourage accurate future-frame prediction, motion consistency preservation, compact intra-class representations, and dis-
criminative memory-item distributions. Results Extensive experiments were conducted on three benchmark ground-
surveillance datasets, namely UCSD Ped2, CUHK Avenue, and ShanghaiTech, as well as the Drone-Anomaly UAV data-
sel. Experimental results demonstrate that the proposed method achieves state-of-the-art or highly competitive performance
across different scenarios. On the UCSD Ped2 dataset, the proposed method achieved an AUC of 98. 8%, outperforming
representative methods such as MemAE (94. 1%), MNAD (97.0%) , and AMMC (96. 6%). On the CUHK Avenue data-
set, an AUC of 89. 1% was obtained, slightly surpassing DEDDnet (89.0%) and exceeding most recent prediction-based
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approaches. On the challenging ShanghaiTech dataset, which contains more than 270, 000 training frames, multiple
scenes, and diverse anomaly categories, the proposed method achieved an AUC of 74. 7%, demonstrating strong robust-
ness under complex environments. To further evaluate the generalization capability in aerial surveillance scenarios, experi-
ments were conducted on the Drone-Anomaly dataset, which contains multiple UAV-captured inspection and traffic=
monitoring scenes. The proposed method achieved 94.76% AUC with an EER of 0.09% on Railway Inspection and
91.41% AUC with an EER of 0. 10% on Farmland Inspection, significantly outperforming Frame-Pred, MNAD, ANDT,
MKD, and SSPCAB. In addition to detection accuracy, computational efficiency was evaluated. The proposed model con-
tains only 20. 39M parameters and achieves an inference speed of 62. 66 FPS on an NVIDIA RTX4090 GPU, outperform-
ing several existing methods in terms of both efficiency and accuracy. Even when the computational cost of FlowNet2 is
included, the end-to-end processing speed remains approximately 39. 76 FPS, satisfying the requirements of most real-time
surveillance applications. Ablation studies further validate the effectiveness of the proposed components. Additional loss-
function ablations confirmed that the combination of prediction loss, optical-flow loss, compactness loss, and separation
loss yields the best detection performance. Conclusion This paper presents a dual-stream memory-enhanced framework for
video anomaly detection in both ground-based and UAV surveillance scenarios. By jointly modeling appearance and motion
information through a variance-attention fusion mechanism and learning diverse normal patterns via a dynamically updated
memory module, the proposed method effectively alleviates the over-generalization problem and improves anomaly discrimi-
nation in complex dynamic environments. Extensive experiments on multiple benchmark datasets demonstrate its robust-
ness, generalization capability, computational efficiency, and real-time performance. The proposed framework provides a
practical and effective solution for intelligent anomaly detection across diverse surveillance applications and offers a promis-
ing foundation for future research on unified ground-to-air video understanding systems.
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L = (15)

compact

A NN, p A ¢ I R 5],
XN

- m,ll,

k.
p = argmax w'"*"

neM

RIE ST B B K - O 175 JE B 1E 5 B dla ) 22 7ol
R, 75 ZAF L TP A A2 I TR] 220 R B8 K
I, S FHARFAE 23 B4 G, E SCHTR

.
Lo = D llgt = mll, = llgh = m I, + o], (17)
k=1

ST, N WAL K g AR, m, Bl m, B
BRI IR I . n 775 2530 g F Y IR 2 90
%3l

(16)

n = argmax w.""

meMmgp

(18)

1.5 REK
TEIR B BE, 18 F (Zhong %5, 2022) R 41 Hi il F
UG L O e o s e = 5 R LU W= R el ]
(R {5 W 1L PSNR :
P(I.I',) = 10log,, (1/V) (19)
v=>" v (20)
A, PR PSNR PR, v, 7 ] ¢ H 18 f5c K

RN RN IR S TR A& I R B8

P T 7E S R A AR 0 5 253 2 W 5
HE AR, NI 5 2 PSNR {E AT, Rt , PSNR AR A i
SRR A R bR o 1E— 2% PSNR #E471H —
PEABUR 25300, 111X 8] Y A S8 588

B P(1,l',) = min,(P(1,I')))
8(1,) = max, (P(1,.I',)) = min,(P(I,.I',))

AL 2 o I 2 FLSE T, 0 2 o I 20 B T T, S
HOMRCS (1) B , PSR A A PR

1- (21)

2 £ I§
2.1 #HiE&E

R 3CAE UCSD Ped2(Li % ,2013) .CUHK Avenue
(Lu%¥,2013) ,ShanghaiTech (Luo % ,2017)iX =~
7 356 v W 8 B0 4 A Drone-Anomaly (Jin 55, 2022)
TP BE L E AT HERETAAL . R 148t T
ARG BIREAG DL, AL 4E RO S W Rh 2R Ok
UK 5w S K2 — L 53t T Drone-
Anomaly ZUHE 5 I FEATS B0, I & 7R Ag 5
e AALAAAR 5, BN 2 5. 6 /i, Hedu 55

37 BOINZRA A A 46 Bl i . F5A4~ 30 A rg )l
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YA d PR TEH AT, A () P 55 X 3 A
SEE W, BRI FLSEARTE AL S — A T bR, &
AR WU AR AL S S o PRI ARIC 0 O IE it
FRiC 1o S

bR AR A G T i A S D AL P A
SRR, BERS A RS UE R T IR AR AN R 7 5 R Y
RN -5 3k N fE

F1 WFHHIBENE
Tablel Describes the four datasets

BAREAFR R SEMIE ORIR mEEEG

Avenue 37 5 BT & L
Ped2 28 5 Wi WATE
ShanghaiTech 437 11 T B&

Drone—Anomaly 92 10 = AT

2.2 XWEE

T Hb T WA A JC AP 46 I, SEnts 19
T 1) R /1N B R 256%256 , 4 T A i 5 2% ) —
FEEI[-1, 1] YIRS AR IS A 2 2 1) 0 AsT It 37
H K L AT 4 WV A A S i, kTS
e NTCAL I BRAS L () R E 2 B AR VG FC 5 A 1R REAE
P 5 B 1L B8 B W RRAIE 38 38 5 C RHEAZ T8 M 4
W E R 32.32.512 F110, 2125 M=10 H & 56
VA, R BUEAE 5 WA 2358 5 A S H A8 I ik
(Gong %5 ,2019) H 8 )12 SR , BE 1% 55 - o - ffiric
(AR SRR . AR EdE S 3 E FH B=0. 9
(1) Adam DAL AR , it K/NR 20 2] BRI E N
2e-4, IfAlt FH A 3%AR K 1 647 29 (Loshchilov 4%,
2016) o FEUNZRAR RECH B, S EOR E H A =
0.1,A,=0. 1o e Fr Bt BTG IR, 15 0

1B y=0. 01, Z B (H AR Hf 95 E 4R 1 1) 28 B WL B4 0 i
NS B A B E . A B S 6 1 fd
PyTorch #EATYIZRAIHERE

55 5¢ BT A9 BF 9% — 25X (Zhang % , 2022 ; Fang %5 |
2020) , 8 18 3 7 A2 TE o A B (RS B A2 1A T
YERFE (receiver operating characteristic, ROC) 1 £& ,
SR G 115 ROC i 42 F 1% 1 B (Area Under Curve,
AUCIHERTFALHEFR . AUCEBRR , I SIE I S8
A6 1 RE L
2.3 S5HRfttRERNTERE
2.3.1 Mt PR A SRR A R L

TEH A R4 57 T B R Tk S 2 Fh R A
W T5 e = A A TF I BE 5 BT X L, S5 5 AN
F3Fan. AJLLE H,FE UCSD Ped2 ,CUHK Avenue
Fl ShanghaiTech Z4i 5 T ¥ HUS T 5 ULvERE , 735
41 98. 8% .89. 1% 1 74.7%.

FEIET A AT, MemAE 457 B4R 2 1 i
AR T o AT, R P R 2 ) S s (H
B BT IO (4 7 VA AR L i R AR U N (] 2 R A 4
PR 82 VL R R A it e 5 5 i UG A Y
A A T O R AR R PR M A S = )
AT SCRAIE o AR SCHE A00) P R0 5 3%, $3000) 7 s
— 2L Ry B I LA SR

B B U5 ¥k, ASTNET. MGAN-CL,
DEDDnet  Frame-Pred il STCEN J5 B #8553 3 1Y
I A ILE B R BB 0 F iz s (5 . $E iy
A G AT T M 25 S BOG T Z S RHE , #18 3h e
E 5 AN E FEAT Rl | 6] 25 18 T AN URRAE Fis
BRHIE . AR UERA$2 5 ¥ R A SR T S A
APERE . BUR PN A, AMAE FI MGAN-CLJ7 %

%2 Drone—Anomaly {35 /+ 48

Table2 Describes the Drone—Anomaly datasets

Y HRA R BB (U120t I (It S A
Highway 6/3 9045 /2820 SIYTEIE RS FATE s IR ARl
Crossroads 10/5 15772 1 6244 AT 440 AT im
Bike Roundabout 6/7 7950 / 18427 BB i A5
Vehicle Roundabout 4/2 5266 /2643 (RPN SR
Railway Inspection 3/1 1206 / 882 R Mol X e
Solar Panel Inspection 4/3 2848 /2450 AN 5 THI A I
Farmland Inspection 4/1 9548 / 2387 ANBH ZE
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BIRGIA T8 855 32, H SN E 5 18 SRR AR HEA T
A EORBETE 05 B IE W ARIE R 2R . A SCTs
TEGIA T AR5 5 Bk i 1 R AR 27 ), 7
RIEH 5 55 B 22 57 404 1 54 i R 0 PR 6E o

AMMC J5 % R B2 BUR Al A, [ E A2 T IE %
REAE AR 5 S A AR ez ), 4 ik
S TT 20 B 1R 5 AU T e iz s A 2
FUE AT LR BORS i A 25

R3 HMEMEHRE LSHEMRERNGXAUC(%) L%

Table3 Comparison of AUC (%) with other anomaly detection methods on ground—surveillance datasets

1k Ped2 Avenue ShanghaiTech
MemAE(Gong % ,2019) 94.1 83.3 712
MNAD (Park % ,2020) 97.0 88.5 70.5
i MESDnet(Fang %:,2021) 95.6 86.3 73.2
Bi-READ (Kommanduri %,2023) 97.1 86.5 -
Frame-Pred(Liu%%,2018) 95.4 84.9 72.8
ASTNET(Le %§,2023) 97.4 86.7 73.6
T FA
STCEN(Hao %%,2022) 96.9 86.6 73.8
HSTforU (Liu % ,2022) 97.3 87.8 75.3
AMMC ( Cai %,2021) 96.6 86.6 73.7
MGAN-CL(Li%,2023) 96.5 87.1 73.6
DEDDnet(Zhong 4 ,2022) 98.1 89.0 745
T AL AMAE(Liu%:,2022) 97.4 88.2 73.6
PDM-Net(Huang %5 ,2024) 97.7 88.1 74.2
GroupGAN(Sun%,2024) 96.6 85.5 73.1
ATk 98.8 89.1 74.7

T L7 AR B9 e L A5 SR, =37 IR SCHR PRS2 88 4 T 19 AUCfEL.

ShanghaiTech % 4i 5 ELA P, Ko &2 —
AR R IR 4R A5l I 270K 89 )1 2ot Al 42K
AT, Pl A 3 R A Rl , ELIE W R 5
FFRABI AL, AR RE AR X T HAB B SR 2R
[ IR, AR SCO7 1 A2 8 s 4 1 B9 45 R i I T HST-
forU J5 1% , URE T2 B AR UBER I5m 5 5 28
T2 FE HAR o S (A8 R 3% ) 7 2 T N ) ]
143z AR AR, 1A SC7 vk S8 6 Ui M =) FR i
2 2 ], HSTforU N % F )2 WK AL B} 25 Transformer i
OB IR, R TT7E 223 Sead vk b S B3
2.3.2  TEANUMHALEE H L5 RN T

TETXNILI TR, it =B R AR SO A e
SR B SR P R R R IS 2R S R 7 ik
£ Drone-Anomaly ZU4l 5 119 5~ 5 B T Xl Ik,
SRR AP, ATUER AONEEZT T
S BERAS T RACTERE , JUHAE Railway Inspection

1 Farmland Inspection 3% 5% 11 43 5l B A5 94. 76% F
91.41% I AUC, DL & % fik B9 EER (0.09% #il
0. 10%) , P F ZFixd L 7 s, R0 B4y 1 S5
e

FHILZ T, &% 7 e AN W F S s i = 3
TEAE— 2 25 . Hh , Spatio-Temporal Dissociation
F1 MNAD 7 #8453 375 5t v & LR 2 %€ | 1 Future
Frame Prediction Fl MLEP Jy 1 J& (4K 1A% 4241,
Wb BRSSP — R ASS 2O AT IO JC A MLAAR A
2G5, WEAKSFORE T Railway
Inspection Fl Farmland Inspection H1-5 8 34 70 45 g i
— AT 55 2 AR BEARX AR s A SO AR 2637 5 rh L
19 T8 1) AUC AW EER . 7E Vehicle Round-
about Fll Crossroads %537 5t 1, U S 0 BT in &2
= RSO T 2 B06 ik B T i 41
W -3 B Al ML RE 8% A R O 3 S A2 1k . [F]
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B, IC G AT AT B T @ 2R IE R AT, N ton JriR R . B IK ) R R T S B 3K
LT 55 AR Ty . (AR A SO FlowNet2 J6 Ui Al 1T 77 A B | 32 2 R 1F 42 U
Highway 37 5t H' AUC fi“T* Spatio-Temporal Dissocia- AT o

x4 EANMBEEE ESEHMSERNGEEAUC(%)F1EER (%) B LR
Table4 Comparison of AUC (%) and EER (%) with other anomaly detection methods on UAYV aerial datasets

Railway Inspec- ) Vehicle Round- Farmland Inspec-
. Highway Crossroads .
tion about tion
WiRES c .
AUC AU AU AUC EER
EER| EER/ EER| EER] AUCT
1 1 1 1 l
Frame—Pred (Liu,2018) 6044 040 6275 036 6141 045 4484  0.54 - -
Spatio—Te 1 Dissociati
patio=tempora lssocialion 3345 063 7600 027 3855 061 3809  0.59 - -
(Chang,2022)
MNAD(Park Z£,2020) 2770  0.68 67.99 045 4362 057 57.07 045 78.60 -
MLEP(Liu,2019) 68.35 040 5558 047 56.18 048 49.80  0.51 - -
ANDT(Jin,2022) 59.40 - 68.70 - 61.30 - 30.15 - 79.50 -
MKD (Salehi,2021) 62.40 - 64.30 - 62.70 - 63.50 - 75.20 -
SSPCAB(Ristea,2022) 59.10 - 67.80 - 62.30 - 60.40 - 79.00 -
AR5k 9476 0.09 5091 0.61 6517 043 5873 041 91.41 0.10

TE R A BB R EAE A, - R UG SCHR PRI R 5 T B9 AUC B EER fH.

SRR W] ARSI BT AN SR A DT 3D B IUR A R AR, 75 O 2 0F s
BABIF R IGE S U A Z 2 sh B mEre  BANAF 98, T B0 B B 501 s MGAN-CL J5 &

SR BT, e AR T S H A I M e 657 FH 7 00 A 0 T A A s PR S R Rt 1T 5 4 53]
2.3.3 BEAISHGE 5 FPS L E— R EROn T I gk R s ASTNET J5 i

TS A T e s A 55 it THIRBE AN 4% WiderResNet34 $2 U ZURFIE
MRS, UM SRORAEPS i ks AT AN, S 8RR S
WP TS A R A Ry OB TRk SRR T ik A
kR S HOR S FPS S5 Wbt A1 S . B B AT Ty MR U AR 4 20. 30M , S %

R A G FlowNer 461 E i g ) T 62 66FPS. B FIL T vk L RS 2 St

‘ N PR R ITER . 25E— 25 %18 FlowNet2 3EBOR T
MemAE J7 2 U AL 40 % R84 Z B A1 (1L
C - f ] U S 3 o ) 3 b 80 e 20 39,76

%5 SHESHGNTEEUSHES FPS LK FPS 5B 1 2 5 SN HUL S 3 A W 2 S o
Table5 Comparison with other methods in model param- 226 JBIR T 2K 4443 1 FLOPs 5 5 4 i B A+
cters and FPS il T LAt AR A BT 6 4 R ARG 8
ik Parsmeter(M)  FFS SRS PRI AS G R . M T A
AMMC(Cai %,2021) 25.1 45 Pt A AR, ZEAR R U T AR FE R R it
MemAE(Gong %,2019) 6.49 38 TCAZ G R AR R B IR FLOPs #8708 , (L B A (1) AH X 4%
MGAN-CL(Li % ,2023) - 30 L, FEORIETRHMEICECEAE . Bk E  r it ik
ASTNET(Le % ,2023) 150.97 16 FELRAE T RE (Y [R] B, SE T R AT A TR AiR 5 2 4

A7 20.39 62.66 JEEP- A

1 FPSIHR AE{4-F 4 : NVIDIA GeForce RTX4090 GPU, Intel

(R) Core(TM) i7-13700K CPU., A
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F6 MEAREES FLOPS 5T 3R i ]
Table6 FLOPs and average inference time of different

parts of the network

7851 FLOPS SR HERAT ] (ms)
S 2 13.801G 1.382
iz B gt g 13.575G 1.371
A 512 563.326K 0.108
il 256 1.081M 0.082
Al A AL 128 2.198M 0.094
AR R 64 4.588M 0.137
TRV PR 9.96M 0.232
LRTRAS 43.67G 3.132

TE - Bl T T B A QSR AR O T8

2.4 WKL
2.4.1 BEEHAL

Sy ek 48 vk s B o S A Rt TR
Avenue FUIE 5 R B T vE (UM WL 3 30) 5 42
J5 1 (AN -18 B 35330 ) #EAT T R 25 W] AL 2 A,
FOGTEDR 22 B b HbRTR 4>, f sk AT M a8 AR
FR 22 KR 1 07 MR 2%, DT 122 Ah 5 5 B0 E =1
R Dt 25 R o O T S i A BB OB T
ANV (E B N o 2R ANIET 3 s .

S 1%

&3 Bt s 542 5 T Avenue B HiR2ETT AL
Fig. 3 The single-stream method and the proposed method are

used to visualize the error on the Avenue dataset

MR LU H FEIE W 50N, ik (UK
NI B W I — B A I, 5 321 s 8k
il R R R, B 23 DSR2 vy i
W7 5B 3o SOF AT ML - 3B S P[]

T, i A% T o 220 1 i i Bl TE o IX kiR 25
TR HL A0 A - i AR o AR S0 s iy
N S 12 Bl ANEEUER 158 2 W 17 3R, HE LA 5 HY Sk
Xl A 2 T B2 0 O VAR iz 30 43 SR e $E 7
Wiz AR FE R B AR AL AR AR v HL S Y 15
ZEWAN o 25 b, BT A — 32 B0 BUE 45 F4 78 FIE 1E
B RS E PR R R, 2R T T X SR s s X
STRETT BE T iE B4y XAE VADAE 5 th A e 5
W

Ry it — 2 B UEAS B 7 A P FE UCSD Ped2.,
CUHK Avenue Fll ShanghaiTech =g 4 b 191% 22
AL A 4 s o X TR B —1T
S LS AT , 55 AT SR A A RO Y %) FHO o, 25
AT WS AW ] AR 2E ] AR
AR B 55— 30 o TE R A 00 A0 00 235 21, o]
RN, LLEREAR T Hh 8 FF R AR R X

WK 4-(a) 7R, UCSD Ped2 53 85 J2 H iz 5
(B 7E HLOZ AR Y, SR SR R D 1R RE SR
ARSI S8 . I 4-(b) FTs , CUHK Avenue 3045
AR 1) 5 DX A 30 A a0 1S K, TR X 22 R
() 5 AR Ak, BT RIAR SR BE A2 T A b AS: N 2] 4 — it o
4 Sk DI, DR A AU EL A A 22 RUBE S5 1) g
W& 4-(c) iz, ShanghaiTech U4 4 2 1~ 5¢
JCRESRAFER AR, S S & SR, BV A
STIRAEE N A TRATH SR BB A% 55 Ay VHE A U RS ) HH S
i R AL P J Y7 5 2 Fh i AU T 55
A ELA AR rr 5 e

VAT 4 TR BB M 2 ) IE R SRR
ANULFIEZ SRRAE | DT 1E 7 DX Sskah A 7 o o FoL i, it
RERFFAEEAUK T M2 T 6 55 X 7
DS 2% R ZEAIRTE K o 3225, T LLIX 200
HORSE R FAOF BRI
2.4.2 FEAR AL

N B 7S 42 0 5 R A S A v A RE
5 &R T HE =AM W 4 8 s A S e A LA 4 =
Mg s S E L. REBGE D 2 RE T
TARAT By L X S 3R 5 ot

AR AT G5 50T LUFE 4, T 2 7 b T 45 5
RIRJETCNMEIREE &, W B A B sh LG
TR EWRL S SR I RS g i
L S SEEAHE SR AR U IR AT R R IX
IPIEE S . LA TR SRR R TR T A RE
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(b) Avenue

(c) Shanghai Tech

((a) UCSD Ped2;(b) CUHK Avenue;(c¢) ShanghaiTech)
B4 =AEadE b oy w22 v Ak

Fig. 4 Visualization of prediction error on three datasets

i A RS I AN (] 3 5% v 9 S5 SR, DT B IX 43
SHSIEFITN.
2.5 HBRICIE

T B E A B A RO AR SO X T 2
R IIANIIE Sl A B oA A 5 i
TR = A F B Y, 78 H A W 4% UCSD Ped2
1 CHUK Avenue Z45 4E 5 Jo AHLATHAE R 5 Rail-
way Inspection 375 5t FHEAT 1 140 A T il S 40, 4551
WMFE7THIR .

i - UCSD Ped2 i 5 19 Bl 1 /0 H 5 FFAE
MR, PR AT = R A ez g s 4
53 AUCHH7E CHUK Avenue | AY45H 5 {H
AT 1 AUCHE . ML 3 o, AN fifi
Bl A A e IE B Y AUC eI, 3% 358 B ASU AR A5t 0 WL
IR T 2058 2 (5 24 0 ) AR Bl 3 S
FAERE T, DI 52 M 6 U 22 o SR 1 RIS TR 2 43 J31)
FEBR T MEM Hl ECA R B, AUC 25 R I T 58
R 30 I A AR Hett e KPR RE X A 1E M DTHk . B
PRRAR, T fl S 36 E B T & A B Y BB A U AR
RIVERE  IF IR VA A Rk S5 T 54k

Rtk — 2 A AS [ 453 2% sRABIO AR SO PR RE 1Y)
SENA AT B X O PR L SETRIRR Ly, RRAE
BEEBUR L, .. FURFE 538 BE PR L, 3K DA
2% BREL, 75 UCSD Ped2 #l CHUK Avenue 305 %€ |
JETT I RS2, 25 AN 8 fif /R o AR 1 B 244
it FH O 2K L B, 23U ) AUC I, 3% 158 BHAR
MR TR 1T Z2 W42 A7 B S R 29 R 4 Wl 2 11 24

I

% %
W
(2) USCD Ped2

o BRAR

o0
AN
(b) CUHK Avenue

ED
M
(¢) Highway

s

1
— mwnn
o8] mm RESH
Fo.o
&
i
I3
02
¢ 25 50 7

]
MR
(c) ShanghaiTech

o
W
(f) Crossroads

((a) UCSD Ped2;(h) CUHK Avenue;(c) ShanghaiTech; (d) Vehicle Roundabout; (e) Highway; (f) Crossroads))

5
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Fig. 5 Visualization of score curves on six scenarios
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RT EHRHMXEER

Table7 Results of module ablation experiments

). VA- Railway
Eizl MEM ECA  Ped2 A
B AMFM “ “ venue Inspection
98.44 8741 89.15
1 N Voo
(-0.36) (-1.69) (-5.16)

98.42 87.55 89.26

2 i - v (-0.38) (-1.55) (-5.5)

9839 8722  85.48
. - VoA (-0.41) (-1.88) (=9.28)
A J v | 9880 89.10  94.76

T DLSE BRI Baseline ($RTHRBEIC "), BN T
T 455 AR Fn 4R TR

R TR 6T 2y 285 S AR R AR 7, DA T e R RS EE
B 2 AR 3 0 RS B 1 IC IR HAT G Y RF Ak 2%
BN AR (L Lpure) BOCTIA K (L), FE
AUCHREIIR T 58 BT, B 45408 2K R RO He
LAEREIA —E I RT .

K8 MKXRHPUHMIBER

Table8 Results of loss function ablation experiments

Y Lpcii Lo Leompra Lrcparete Ped2 Avenue
X J B B B 97.94  87.27
(-0.86) (~1.83)
9820  87.60
J J & -
2 (~0.60)  (~1.50)
98.13  87.55
J - J J
3 (-0.67)  (~1.55)
A N N N N 98.80  89.10

T PASEREA ALY Baseline (BRFHIREEIC A=) , BN EHE T
7S BB R ST IR B

3 RRESITEREIE

UGS SO VAR i W A R E AL 2141
P LS TSR AR AEAE LU R R BRE : (1)
Xt i A2 Bl s R I RE R A2 < 4N Highway 37 5%
BN, 24 Hbpiz ol B o SR A7 e ™ 8 i S B A
FlowNet2 42 B G I 0T it T B, 5 3508 s FRAE AR
R (2)1CAREHAS 52 B X T i 10 FE
AT A I 22 3% 5 (4 ShanghaiTech T (1 24>
TIs) , [ 75 0 B TCAZIT0ME LA 78 4378 15 T A7 X

ZHENE, PR IE W AT A BOR I N . ARk T
VEK: 58 R I BRI« (1) 5] AR [ & WGl
T El AT AR A R LS 5 e 88 Sl A 5 (2) R B
(/SRR VAL S 75 8-/ S BEIVAL <35l 1A
TR

Y

ARSCHR T — b 3 T X0 R 4 M AL A 56k 1) 25
A S W R 5 9 o TR 2% HAT U i i A T
CER ) PR AR AR ST T BT 2R RS
BB H AT BT SR ) 0 A28 s AR bR, 22 RUBE Y il
B T HMRHE 5 32 S RIE , 4 1E RO AR 2R AT
ALY~ T, JF A 25 T2 5 A s A S IE 1A
fEh g , [a] A ) T BR 1 14 22 RURE i3 R A 2 4 5
figt B 5 64065 IO o B, A A 0 5 % W LA )
Ok S S S NNt J S 1 SR D= RE S0 WA R N B % K
IR AY T8 1 G ZR , Y BOASE Y BE A A o ~) o AR TH]
FEAMT AN LR L SE e R W], fEfs A A
TR AE S 2SS IR B S WA N RE ST (28
ST R RAF A& S 2 A ERE , D SERR
S HR BRI S5 RS B AL T — b T AT E s i
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