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PROBLEM STATEMENT

Gait as biometric trait: 

• Pros:  Acquired from a distance

• Cons: Not as reliable as face, iris, fingerprint, etc.
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PROBLEM STATEMENT

Factors hinder the performance of gait recognition 

algorithms: 

• age, clothes, walking surfaces, viewing angles, health 

condition, segmentation error
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THE BASELINE ALGORITHM

Silhouette 
Extraction

Gait Period 
Detection

Similarity 
Computation

S.Sarkar, et.al., ‘The HumanID Gait Challenge Problem: Data Sets, Performance and 

Analysis’ , IEEE Trans. Pattern Analysis and Machine Intelligence, vol. 27, no.2, pp. 162 

– 177, Feb. 2005.
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SILHOUETTE EXTRACTION
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GAIT PERIOD DETECTION
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SIMILARITY COMPUTATION

• Similarity Score S𝑖𝑚 𝑃𝑖 , 𝐺𝑖 between probe 𝑃𝑖 and the full 

gallery set {𝐺1, … , 𝐺𝑛}: (𝑠. 𝑑. Is the standard deviation)

S𝑖𝑚 𝑃𝑖 , 𝐺𝑖 =
S𝑖𝑚 𝑃𝑖 , 𝐺𝑖 −𝑀𝑒𝑎𝑛𝑗S𝑖𝑚 𝑃𝑖 , 𝐺𝑖

𝑠. 𝑑.𝑗 𝑆𝑖𝑚 𝑃𝑖 , 𝐺𝑖
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DEMO: BACKGROUND SUBTRACTION
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DEMO: BACKGROUND SUBTRACTION



DEMO: SEGMENTATION ERROR
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METHODOLOGY

• Template: Gait Energy Image (GEI)

• Singularity: Principle Component Analysis

• Discriminant Learning Method: Local Fisher Discriminant 

Analysis (LFDA)

• Least Square QR Decomposition Based Feature Fusion 

(LSQR Fusion) + Voting 
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GEI

• A representation model containing spatial-temporal 

information for one gait cycle.

𝐺 =
1

𝑐
 

𝑘=1

𝑐

𝐼𝑘

• 𝐺 refers to GEI, 𝐼𝑘 is the 𝑘𝑡ℎ silhouette image, where the 

total number of silhouettes in one gait cycle is denoted 

as c. 

• Reform GEI data matrix into 𝐺 vector 𝑥, as the input of 

discriminant learning.
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• Local within-class and between-class scatter matrices:

• Transformation matrix

LFDA
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LSQR FUSION
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LSQR FUSION
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MAJORITY VOTING

• Assume probe set 𝑋 = {𝑥1, … , 𝑥𝑛}. For each subject from 

probe set 𝑥𝑖 , 𝑖 ∈ {1, … , 𝑛}, there will be 𝑝 outcomes from 𝑝
classifiers. Denote 𝑚𝑗 as the count of output label 𝑗, 

𝑎𝑠𝑠𝑖𝑔𝑛 𝑥𝑖 → 𝑙𝑗 𝑖𝑓 𝑛𝑗 = max 𝑀 ,

𝑀 = {𝑚1, … ,𝑚𝑝}.
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EXPERIMENT DESIGN
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DATASET PREPARATION

• CASIA Dataset B: 124 subjects, 62 for training and 62 

for testing.

• Each subject has 6 gait sequences, 1-4 is considered as 

gallery set and 5-6 as probe set. 

• Frame size: 240*320; Normalised silhouette size: 

128*88.

• Only normal gait sequences are chosen 
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DATASET PREPARATION
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DATASET PREPARATION



RESULT AND ANALYSIS
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Recognition without discriminant learning Recognition after applying LFDA

Comparison between methods

G: Gallery data;     P: Probe data;   Q.1:Q.6: gait data under different quality levels;

LDA: gait data after LDA learning;   LDAF: gait data after LDA learning and fusion.



CONCLUSION
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• Gait recognition is indeed affected if the quality of the 

probe data set differs from that of the gallery data set.

• Important improvements in matching rate may be 

attained when subspace learning methods are used, 

since the feature subspace finds the best projection to 

match probe with gallery features of the same quality 

level.

• The LSQR based fusion can further improve matching 

rates.
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