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[Abstract]

This study investigates strategies for effectively utilizing limited data to recognize abnormal
movements in crowd scenarios, based on a newly constructed crowd movement video dataset. Existing
datasets such as Crowd-11 dataset focus on general flow patterns and lacks suitability for detecting
abnormal behaviors. To address this, we redefined classification criteria and expanded the dataset with
additional video samples. We tested various data composition strategies by changing the number of
sequences per video and data splitting methods, and evaluated their impacts on recognition performance.
Using optical flow for motion feature extraction and a Bidirectional LSTM model, we observed that
more sequences led to improved performance, while fixed data splits showed high accuracy but risked
overfitting. The proposed dataset and findings provide a solid foundation for developing abnormal crowd

behavior detection models and offer practical guidance for data design in real-world applications.

» Key words: Abnormal Movement Recognition, Construction of Crowd Movement Dataset,
Definition of Movement Classes, Data Usage Strategy
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2.2. Abnormal Movement Dataset and Two-
Stream LSTM Model
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Fig. 1.

Baseline classification pipeline proposed by Abdurasulov[11]
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Table 1. Dataset composition by source and class (number of videos).
Crowd-11 | POND5 | WwWw IGetty Violent |~k | Youtube | PETS | UMN | count
mages flow
Linear_ 4 3 1 10 0 3 2 0 0 23
paths
Individual_ 12 12 1 7 0 19 0 2 5 58
movement
Static 10 5 0 2 0 0 2 2 1 22
Opposite_ 14 8 2 17 0 5 0 0 0 46
movement
Scattering 14 0 0 1 0 0 2 2 0 19
Fighting 3 2 6 5 0 0 0 0 22
count 57 30 10 43 5 27 6 6 1 190
Mot Zo] Crowd-11 7[8ke] AES 2o, F7I2 Lol & 7]9] F3ish o] wigko] EAfjsto] A= vt
POND5[17], CUHK[18], Getty Images[19] & ttdst &  Hl& S50 TAsh: Agos gesi golsialnt. o]
oA 24 lolE S shi &8stgict 2+ EXE, & & &l ol ols= 7H‘*‘ S 94 I ofd, % XA o]&
Al AMZ 2ol LMol Bxl Table 10] AAlsEY & AFFoA] sfAd & £ 5}t E£31 Individual
Ch. & go]efle A2 o2 37, % WAL, 7hyel  movementy WSYAREO] /di A=K oFxjuh RE
AHS mEksta 9lo] o4} o] 914l o] el sl OlF FHO] Al 7H o]d(= 3oz FatEo] dEE SF
4& =Rt S YASR k= AERS 9uskR]|gh,  Opposite
Aokl Ho]EAL Table 20 UERt ble} 7o & g7 movements= FH ol & 7H(=2)2] $EQ?J S50] &
o] Zejaz PAEIlon, AA AHnormal case)gly OIPl 0150 A= W $Fo= WA FEohs 4
EHH% 371, o]} AtsHabnormal case)S UERj= 37) B HEMCH & 2220 Apolg AUHOoR I 4

19
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1%

F_R o

SICRE FER R NE
£ Fig.20] eIt

0]9]9] Linear paths, Static, Scattering ZejA= 7|
= mJojo] ahAl B2 Oox|5te], ArH AF|Q] o]% ulakA,
A& ARE, A 508 2 Y 5= HH FEI
Zlegorn 7|&Y didat s TS =¥ Ul
olf] 2fHF 2 Ao Aot 7|&o] Wt Al HYf A
ol 7} WEE SYHOR WL, [z FoYAg 2
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=z

Table 2. Annotation criteria and sample distribution in proposed dataset.

Number Number of
Class Definition of frames fps
samples (average/min)
Linear_ The overall movement in the scene follows a single
. . . 23 99.89 / 99 30
paths dominant direction.
Static No 5|gn.|f|ca.nt movement is observed throughout 22 99.59 / 91 30
Normal the entire video.
Individual A situation in which multiple(>3) separate flows are
ual_ dispersed, with individuals moving independently 58 99.96 / 98 30
movement . ..
without collisions.
Opposite_ Two(=2) dom.lnan.t move.men.t d!rectlons are 46 99.83 / 92 30
movement presents, flowing in opposite directions.
. Little movement is observed at the beginning,
Abnormal Scattering . . 19 100 / 100 30
followed by a sudden emergence of rapid motion.
Fighting The scene exhibits fighting behaviors between two 22 98.32 / 94 30
or more groups.
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Fig. 3. Overview of the proposed classification pipeline.
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Table 3. Hyper-parameter values for the Bidirectional LSTM model used for classification.

Multilayers Input size Hld.den eI Learning R Patience BatCh Normalization
size rate rate epoch size
2 256 512 0.5 0.001 100 7 32 batch
Table 4. Summary of data split and usage strategies.
Strategy 1 Strategy 2 Strategy 3 Strategy 4 Strategy 5 Strategy 6
Number of
using 1 2 4 5 5
sequences
per video
Using
sequences 0 0,5 0, 3 7 0,25 7 0,2 4, 6,8 0, 2 4,6,8
(Seq #)
Data split
method Train : 0, 4, 8
(Train/ 6:2:2 random split within each video Val : 2
Validation/ Test : 6
Test)

27}, 125GB | 2e] & HdH A|ARofA AL Tt &5
of] AF8-=l Bidirectional LSTM 2&9] Z=Q s}o]|mm}zio|
B AL Table 30| Aalxlo] oy & AF:
Abdurasulov[11]9] AAE QXA O0=2 ARSI OLY
multilayer(l, 2, 3, 4), hidden size(256, 700, 800),
dropout rate(0.1, 0.3, 0.5), learning rate(0.01, 0.001,
0.002, 0.003, 0.004, 0.005), patience(5, 7, 10) 5 &8
stolmujtu|E{o] tishii= SE 7S A7dste vl A
Aegsiict. 1 A AR e HO s
Abdurasulov]11]9] 271t OiE-7 DASHAY FAGHA L
Biston, o5 &3ll, 71& [11]9] 270l 2 <] Hlol&Al
oAM= Bfgets Slstat. ©, Al 2719} 73, batch
normalizationg A-&stt{2t= A Ho[H & 37| &8
& 2 Q== 1604 322 x7gste] A3-S RIs¥stgict. 4
e oM 7HR] AU~ Table 40 Qofe]of Qltt.
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Fig. 4. Sequence generation process from video frames.
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Table 5. Start-position ablation with 10-frame sequence.

LA o) Accuracy
Strategy 1 41.68%
(flizgr:r;nitjno%~poa[jr;) 36.95%
(frgllrind:ISAS?BtA‘?) 36.11%
(frarlrzwr;d Oggrjow) 33.26%

4.2. Experiments by Number of Sequences
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o=z Aug AT

7P Teet 2791 AJHA VRS AESH= Strategy 1

oA+ RAFT 7]& 36.11%, MemFlow-T 7]& 41.68%2]
NEEe J|=si0] by B 45e Uehdc Al &
7} 7012 g0l Strategy 204 = F=tert 3439] 45
5191, RAFTE Strategy 1 OfH] 25.15%p Ar&sh
61.26%=, MemFlow-T+= 21.48%p A4St 63.16%S 7|
solqint ol AjEAZ ), Ml2 FAMoR £
Strategy 33t Strategy 404 = A= otgxloz &
E|QloH, b7l AJHAS ARERE Strategy 5 ZZ100|A
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Fig. 5. Performance trends by sequence count (D=1~5).
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4.3. Experiments by Sequence Splitting Method
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4.4. Experiments by Sequence Length and Position
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