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An analysis of the influence of temperature related weather
changes on humans’ activities of daily living
Ruljie Ni
Project Supervisor: Dr Stefan Poslad

Objective & Background Data Capture & Merge
This study uses Chinese urban * No access to real-time population data from data platforms
traffic data to model how » Estimate population density from traffic congestion instead
temperature changes affect * Traffic status values from 1 to 4, indicating from smooth to
population activity anc e ————
distribution in different places of * Dataincluded: POI, Traffic |
interest (POIs). A deep learning status, lemperature
approach is used to predict the * Data Platforms: Baidu & B T -
- : Gaode open platform ekl b :
population density around POls . T =
* Group POlsinto clusters by l
based on temperature. and.POI location for analysis P ———
data. The results are visualized —
on an interactive map and can | Model Training
help government departments in
urban planning and * Use Linear Regression as baseline
management. * Apply different neural networks to find the best one - DNN
» POI: Point of Interest o ) HATIT T

A POl is a location that is useful or .- W :
interesting to someone to do T T
something specific. POls can be Py . o

used for various applications and
have some basic attributes. ] (] ) [ ey — Deep Neural Network(DNN)
Different sources may have | | | |
different POl databases and APIs. ——
_.f"’flh"'m.
Overall Design
'/r Data Capiure \ 4 Model Training k 4 Visualiza tion N » & @ ]
/_Dal:a PFEPTQCEEE—\‘ Choose Model Use the Model to Vlsuallsatlon & AnalySIS
. )| e L ””‘;S‘i,';t‘;ife"’/ » Realdataisinfluenced by multiple
A o “
» g factors
» Using prediction model - fix other
Outcome
factors
An interactive Population * Analyze the effect on POls

Prediction program

Scan the QR code for a video demonstration #Er PAEVE - #€r QS B 463 +QE2 B

it o Eating out Sightseeing Sports
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An Ultimate Frisbee App

Ulti
Mengshi Li
Project Leader: Dr Ling Ma

Objective & Background = e e

Ptm_-:l'll o/ Tikda| ’_JL'"‘ o 11 S‘;“ 3 Playbook Game > -‘ifdgeﬁ; ¢ Guides & >
Ultimate Frisbee is a popUIar NnonN- Znk ”":E ol ety Tracking NS Tutorials
contact team sport played with a 73 Ty I =
disc. Tactical arrangements and / : g—;}; / i.
game analysis are vital for ateam to powe

success in this sport. However, _ _
traditional paper-based methods are Pre-work & Requirements Development and Testing

of low intuitiveness and efficiency.

The project designed and  Similar app evaluation * Agile Development Process
implemented a smartphone app for * 4Apps * Iteration based, rapid
Ultimate players and coaches, which ~ * Potential userinterview increment, constant
orovides features like a virtual * Tpro pl.ayers'& coaches user feedback
animated playbook and a digitalized . O'ffllne interview * 3 mainiteration
same analysis module, which is * Userstories and requirements  + Android development
verified to have a positive impact on ) ?ni?r:]/qi:\:\lzzr?e?:gr%?an . J 'j”dro)'(?vus_t“d'o
the game performance of Ultimate . e
feams app evaluation report e Version Control
' » Sketch prototyping  Basedon Git
= v * Planningbasic layouts  « Testing
| g Y Y of the app * Unit + system testing
Ry W A - N » Real-world testing
s 3 o au
{ON xJ"
main module #1 P sttty 1 main module #2
the Virtual Playbook e S—— Game Tracking

Player 17 passed to player 82

Player B2 passed 10 player 33
Player 33 made an turnover

This module allows the users to
record real-time data during the
game and provides data analysis
Sinsins: TN with a visualised presentation of

The virtual playbook allows the
users to design and deliver
Ultimate tactics in an intuitive

and efficient way. e : . :
: ) Y § . 1 17 J 58 multiple useful information.
@ The “Dragand Drop” feature EITE = .
r .. - The users can quickly set the
allows the users to quickly and B 1 || Orop .
. . = current players on the field
accurately setup aformationof | 1 ...
- . : before the game.
+ y O - | any nodes in a tactic. :
- _ sseandanabse | | During the game, the users can
The users can generate a D E—— .
. : . Game Points Types record the events occurring on
realistic non-linear animation of .
+ Play Speed O T : _ . 3 . Of fense Line Defense Line the f|eld and the players
| their tactic with a single click. .
o Forehand/Backhand Simulation _ CO rrespondlng to the event, SUCh
e e They can also switch to any node |/ £
B < orshov Brop Emaste . . . as passes, turnovers, drops, etc.
of a tactic easily or adjust y

o o . After the recording is done, the
o e o] @pplication will automatically
Involvement Situation | oanerate important data
analysis of the game and present
it in a visualised way.

parameters of the simulation.
This helps fast and precise
delivery of tactical arrangements
to team players.

Traditional playbook

© JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)
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Anime Recommender System

Yiran Wang
Project Leader: Dr Mona Jaber

Introduction Design & Implementation
The rapid development of the anime We first gather user information through questionnaire no.1 and
industry needs a recommender system concatenate it with information from the public datasets. Then we
that produces satisfied and precise feed the information into the algorithms. Next, we classify users into
recommendations for anime fans. In this 3 groups and adopt different result combination policies for different
project, a recommender system that user groups. Finally, we send the results to the user, and ask the user
combines results from matrix to rate their satisfaction with the results through questionnaire no.2.

factorization and k-nearest neighbors is
developed. The new proposed combined
model Is evaluated using Root Mean |

item-side Contextual Info Item-based RN S
Squared Error (RMSE) and human S e
. . | . User-side Contextual Info + G ek Anime Preferedby . for | BECEES

evaluation, reaching a 1.39 RMSE value | s oo Ll S e Detecere
and a 4.24 human satisfaction score. B B e o 7 ™ B

User Classification /Results Combination

Background 1
Nad S R —— T —
There are three categories of recommender system R
algorithms: contextual methods, collaborative et
methods and hybrid methods. B 5 :
Contextual methods are divided into item-based and
user-based = methods  based on  features X a a :
used. Collaborative methods are divided Into
memory-based and model-based methods based on
whether models are used. Hybrid methods mix Ax a : a
contextual and collaborative methods.
We proposed a new hybrid method that combines
results from the model-based collaborative method, Fig 3 System structure illustration
the user-based contextual method, and the item-
based contextual method. Results & Conclusions
-Itlmﬂmd
—{ We evaluate the system from metrics-based
User Based

evaluation and human-based evaluation. The metrics-
based calculates the root mean square error, which

Recommender Callaborative represents the distance between the predicted rating
M s
e Memory Based and the ground truth and smaller value means better

performance. The human-based involves real people
to rate their satisfaction with the recommendation

L Hybrid _ ; G
s results, with ‘5 meaning very satisfied and ‘1’
Fig 1 Recommender system algorithms categorization meaning very unsatisfied. The system reached a 1.39
RMSE after comparing 3 algorithms and 4.24 human

Anime Recommender System Test Anime Recommender System satisfaction score after 2 rounds of testing.

s B RGN Evaluation R)E = R F T

3 Implemented Recommender Visualization and Exploration of
Systems with RMSE < 1.8 4 Datasets

v

2 Rounds of Real Data Collection

: . : Fig 4 Work conclusions
Fig 2 QR code for questionnaire no.1(left) &

questionnaire no.2(right) © JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)
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Basketball Al referee
Jingqing Zhang, Xingtianwen Zhang, Jiahui Cui
Project Leader: Mona Jaber

A.Introduction L.
D.The sensors and application we used

* This project investigates how Al can
be used to referee a basketball game
and detect violations such as
travelling or double dribble.

B.Three components to this project

* Use an existing dataset with
accelerometer data to detect the
action of a single player at any time:
dribble, pass, shoot, pick up, hold.
Next, a sequence of actions will be
analyzed to detect violation.

* Use hardware implementation to
collect more data from players - the
data will be used to improve the Al
model for detecting violations.

E.Visualization & Classification

(b)Pick up

» Website and database design to — . o
detect violations remotely basedon  ~ SN . p
sensor data. .

=

o I ) I NP S
C.Dataset (partially displayed) N w

0.0 3.0

We used a dataset, which consists of 80 text files  ° (c)Pass (d)Shoot
collected by three testers.
Accelerometer (x, y, z):Located at the right arm. 3"""""‘""""—""""" . 2
Gyroscope (R, phi, delta):Located at the right y !
arm. 7| Y r———————
(e)Hold
Same app use, as the accelerometer.
Example: o
et ettt sm o]
Time(s) X(m/s2) Y (m/s2) Z (m/s2) R Theta Phi i ’____-—__-"
(m/s2) (deg) (deg) 0 1 2 . ‘ .
000000 34284 91123 20470 99488 10187 69381 F.Support vector machine (SVM)
0.00970 3.4476 9.2859 -2.3319 10.176 103.24 69.631 x1 1 TEST IN SHOOTDATA
Accuracy (Polynomial Kernel): &47.97
F1 (Polynomial Kernel): 64.84
0.01973 3.5063 9.2128 -2.2445 10.109 102.82 69.631 TEST IN PICKUPDATA
Accuracy (Polynomial Kernel): 76.55
F1 (Polynomial Kernel): 76.54
0.02970 3.7038 8.9722 -1.9907 9.9087 101.59 67.568 g giammapie
Accuracy (Polynomial Kernel): 46.4é6
0.03980 3.9025 8.7998 11.5454 9.7496 99.120 66.083 F1 PELIWIRIRL MRTRNEIL (AR
TEST IN DRIBBLEDATA
Accuracy (Polynomial Kernel): 61.85
0.04981 3.9947 8.5975 -1.0845 9.5421 96.526 65.078 F1 (Polynomial Kernel): 76.43
TEST IN HOLDDATA
Accuracy (Polynomial Kernel): 99.21
0.05997 4.2509 8.7639 -0.7852 9.7721 94.609 64.124 » F1 (Polynomial Kernel): 99.61

© JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)
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Brain Cognitive Project
Jifeng Xu, Zhixiang Zhang
Project Leader: Dr. Cindy Sun

Background

With the development of artificial intelligence image
feature recognition, people try to explore the
corresponding relationship between human brain
neurons and face image features. After acquiring the
electric signal data set of ape neurons after observing
face images and combining with B-VAE model based on
convolutional neural network, our team obtained the
correlation matrix between neurons and latent
variables of human face after a series of mathematical

operations.
|IHI.I:
‘ - .
a_

novel face

Model : 3-VAE

B-VAE is a deep learning model based on convolutional
neural network.[2] Images are inputed in the form of
matrix. After four layers of convolution operation, images
are unwrapped, and after four layers of deconvolution
operation, images are reconstructed. The sketch map is
as follows.[1]

latent units

\ J / reconstructed
image

O O
. O O Z
- -

/ \

| A J

encoder decoder

https://github.com/google-research/disentanglement_lib

Dataset

(D A matrix of electrical signals from neurons
in the brains of apes looking at a dataset of
faces.[1]

(2) A total of 159 neurons responded to 2,100
pictures of faces. An example of face data set is

as follows:

Pictures are from the AR Face Database, CelebA, Chicago Face
Database, CVL, FERET, MR, PEAL dataset.

Method

The above face data sets are inputted to B-VAE model[2] in the
form of matrix, and latent variable unit matrix is extracted
during training model, including its mean and variance. Then
take the ape EEG data set, take the average operation and
calculate the mean variance. The correlation coefficient
between the latent variable unit and the ape EEG signal was
calculated, and the Hungarian algorithm was used to match

them.
-l;n-
model units neurons
€ £ s VN
' ‘ " —_y T
o N
lasso )

Output

. . . latent neuron
The Pierce correlation coefficient of neurons and

latent variables become the elements of the
correlation matrix Dy;, as shown below.

-(’m'r(Zl.,R,) (-’()rr(Z,.,R,ﬁl,)_

| Corr(Ly, Ry) -+ -+ Corr(Zsy,Ris)

D; e (0,1)
E(Z;'R_;) _E(Z.r:)E(Rj)

JD(Z)|D(R))

Corr(Z;,R;) =

Correlation matrix of neurons and latent variables 1-to-1 mapping

Conclusion & Next Step
By applying the Hungarian algorithm to

neurons latent Correlation

the correlation coefficient matrix, we - 18 0 9477
observe 7/50 neuron-latent pair with 10 34 0.8658
correlation value above 50%. 96 4 0.8477
How to interprete the meaning of latent 183 ‘1*? g-ésﬁ
. P |
regarding face recognization: YL . S

Reference

[1]Zhang, Y., Chen, Y., Zhu, X., et al. (2021). Deep learning for high-throughput
quantification of oligodendrocyte ensheathment at single-cell resolution. Nature
Communications, 12(1), 5427. https://doi.org/10.1038/s41467-021-26751-5
[2]Higgins, |. et al. B-VAE: learning basic visual concepts with a constrained
variational framework. In Proceedings of the 5th International Conference on
Learning Representations, ICLR (ICLR, 2017).
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Control system for reconfiguring straight liquid wiring

within advanced communication system
Yuanxin Xu
Project Leader: Dr James Kelly

Purpose of the project Design and implementation (Continue)
Better Quality of Service (LQ0S)

* Pump module and physical model

>
' Smmire lngis

- : .Fh.m.n';rxf i : _
Problems ? Flexibility & Stretchable Physical Shape l — h | | 1 e T
| False : ——— : ; _\-\_\--\_‘_""_‘—l-\_\___\_- _F_F_'_,.—-’—'_.—‘ |

— e

Non-uniform Filling shape-Control -
e T

'.||-|.-1-:: Dhails }-ﬂ r Ki* Eiro | e

Background

* Reconfigurable antenna e e
X anes Y s . r .
: : S - | | |
i | W f ==
. I
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Oy L7 ] | [ -
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Design and Evaluation of Learner-Facing

Learning Analytics Dashboards
Yingting Hao
Project Leader: Dr Marie-Luce Bourguet

Intruduce

This project aims to design, develop, and evaluate Learner-Facing Learning Analytics Dashboards (LADs) for learners to better understand their learning
progress. To achieve Student-Staff Co-creation, participatory design methods were used to collaboratively develop design documents with student users
through a series of meetings. Three different layouts of LADs were implemented using Python. The effectiveness of LADs were evaluated through methods
such as surveys, eye-tracking, and think-aloud protocols, indicating that it is an effective learning support tool that can improve learning outcomes and
enhance the overall learning experience. This project provides new ideas and methods for the field of learning analytics and offers better learning support
tools for students, making significant contributions.

LAD2 Evaluation by think aloud protocols
1 ' e - R e r— module thoughts respon se '
DeSIgn . . - [ el mis lnagss  VIANE® | This -:Ehan shows the scores of N' EHpF::nﬂtlﬂﬁ is needed. The d'
ﬂ e L] = h . ' B three videos for each unit, but | bar chart represents the full
e i E: 7 . oy . 8 9 ) | am not sure how the scores | marks, and the line chart
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e Personas o s L= I
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Design and Implementation of Aspect-based Sentiment Analysis
for Game Reviews

Songyun Yang
Project Leader: Prof. Li Ruifan

Problem Definition Methodology

The aspect base sentiment analysis is the subtask of NLP Processing steps
task, which aiming to find the fine-grain aspect and the

attitude towards it in reviews. mm model with
words pseudo reviews

. . : laptop domain review laptop domain opinion words  (+1)means positive
ors > .
The graphics are nice although the . .
: : The monitor IS very clear. 7 clear(+1), expensive(-1), ™\
weapon 15 poor --gainc comment | dim(-1) )
,- add mask | T~ |
input review with no features o —
' g \
- Game domain aspect words \
The [mask] IS very [mask] P
storyline,
Use MLMBERT model to fill the mask <. s
. : se model to fill the mas < le...
graphics postive . ! -
I I3 T
weapon negative WO POttty f?'-’ﬂfds  probability k Game domain opinion words(+1)
Etf;W'"t"iE 0.8 interesting 0.9
animation .07 ﬁ.,""""r_b,,lr ) .01
OUtDUt puzzie LU 1 exciting 0.01 interesting(+1), funny(+1),
b y 9 by exciting(+1)...
An exam p[e of ABSA task. Select the max probability and fill the mask - y
* Major Work I The storyline Is very interesting.
- Collect and process game reviews dataset for the task.
- Use crossing-domian data generation method to train a
neural net work model of ABSA task. Expen ments
- Design an interface for users to use the ABSA system.
- A series of experiments are done to verify the reliability of the Performance of BERT fine-tune (NOT cross-domain)
model.
AR Annotating the game review directly is too expensive so | used = : Dataset precision recall Fl-score
: Cross-domain Review Generation :
Laptop 0.64 0.58 0.61
:l =+ @ — @ o | Restaurant 0.71 0.72 0.72
rain -
labeled unlabeled pseudo labeled Device 0.61 0.58 0.6
laptop datasets game comment datasels game comment :
...................................................................... e ———r— Performance of the cross-domain reviews generating method in
- . . 5 = H &
Cross domain review generation high-quality datasets’ domain
-To label all the game reviews is too expensive. So | used
another domain dataset with label to generate the game Source domain Target domain | precision  recall F1l-score
reviews and its label Laptop Restaurant 0.53 0.5 0.52
Restaurant Device 0.28 0.32 0.3
® Neural Network Device Restaurant 0.58 0.51 0.54
Rest Laptop 0.43 0.37 0.4
oindidabll "he | oraphics | are ] nice | but | price | is | high JicLs) Performance of the cross-domain reviews generating method
TkenEmoeddng  E1 E2 E3 B4 ES E6 €7 E8 E9  BERT in game domain. (red:best perfomance)
+
B N —— fﬁ S L R e Source domain Target domain | precision recall Fl-score
Segment Embedding: E1 E2 E3 E4d E5 E6 E7 EB BES P
T R Laptop Game 0.31 0.28 0.29
e e QN Rest Game 0.37 0.31 0.33
Traneioms Layer Device Game 0.41 0.44 0.42
Laptop+Game Game 0.33 0.29 0.31
i Restaurant+Game Game 0.34 0.38 0.36
Device+Game Game 0.45 0.48 0.46

Downstream layer; linear

— EE EE ET

0 ] 0 ] TNEC 0] C Performance of the GPT compare with the Best model

Qutput Label Y

The structure of the neural network model.

precision recall Fl-score
Model is designed based on BERT base model. —Tpy—— — — —
Cross-domain Best performance 0. 45 0. 48 0. 46
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Eye tracking data analysis and visualisation software

Han Di
Project Supervisor: Dr Marie-Luce Bourguet

Abstract

Eye tracking is the process of measuring and
recording the movement and gaze position of
a person's eyes as they look at visual stimuli.

The project aims to design software that can :

* Capture and record gaze data in real time
* Perform data analysis
* Create data visualisations

Eye tracker used to record eye movement
(Device from Pupil Core)

Eye movement classification

* Fixation (a) : the gaze stays on the area
of interest (AOIl) for a certain amount of

time.
« Saccade (b) : the gaze moves from one
AQOIl to another AOI.
(a) (b)
Algorithms

* Fixation detector : dispersion threshold
identification (I-DT) method.

 Heatmap generator: histogram statistics
method, and Gaussian filtering
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ZMQ communication module

Software Design
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Eye movement data analysis and visualization module
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(d)Pupil position over time

(c) Pupil diameter over time
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f)Occurance of fixation

Pupll diameter of fixations

Gaze velocity over time Gaze velocity histogram
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(g) Gaze velocity overtime (h)Gaze velocity histogram
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Intelligent-based Prediction Model for the Smart

Electricity Grid
Yulin Song
Project Leader: Ethan Lau

Objective & Background

Traditional methods cannot fully capture the
dynamic characteristics of multiscale energy
systems due to the excessive unused renewable
energy, uncertain energy consumption, and
insufficient amount of energy storage facilities in
general power systems, which leads to inaccurate
forecasting and inefficient system operation. To

tackle these issues, this paper proposes a deep

:r Transmission
learning approach to accurately predict the /ﬁ\ é Substation
fundamental states of a classic electric grid with A Residential E WA,

the consideration of power network spatial
topology and potential temporal relations. Power Grid Structure

’ Power Transformer
Station

Inie

Distribution
Substatmn

Model Structure

we propose a spatial and temporal deep learning model called STNet to accurately predict the system's
node state.

day t data Edge index Temporal Predictor

Fusion

[t+3,t+4] day predicted data GRU [t,t+1,t+2] day ture data
'y E :

1111111111111111111111111111111

Relu

E=

Fusion Relu

Linear

Data construct

N

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

Linear

Spatical Predictor

day t+5 data

J
day t+1 data

STNet Structure

Study Result

Simulation results show that the proposed deep learning approach outperforms other basic forecasting
tools when predicting the state of a typical power system. These promising results provide significant
benefits in power grid operation.

mmm“ MAPE (%)

2.749 « 10~* 1.658 * 1074 8.414 107> 61.7
AR 1.6 x 1073 4 x 1074 512 % 1077 91.7
SVR 1.75% 10 418 x 1073 2.178 %« 1073 29.46
CNN 3.994 x 107> 6.32 1077 3.3%x1074 507524
KNR 121 % 107" 3.48 x 107> 1.648 = 1073 30.48
RNN 298 x 107° 1.72= 10 6.2« 10~* 21.22
LSTM 3.78 x 10~4 1.95 1071 9.74 * 10~ 108

STNet 3.69 x 10~ 6.07 x 10> 4.65 x 107> 513
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Iterative Development of Market-Compatible Mobile Apps

for Local Insurance Company
Xuanyu Chen, Qianhang Feng, Hantang Zhang
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Project Leader: Dr Xianhui Che

Abstract

Mobile technology has made mobile apps
crucial for enterprise competitiveness.
This project combines mobile apps and
cloud to explore the practical use on
Android and 10S platforms to create
impressive Ul that will spark interest in
customers, while also examining
potential security risks and network
communication processes with Firebase
and Stripe for online transactions.

Difficulties

* Make pages informative and consistent

* Implement design patterns, including
MVP and MVVM

* Exploresthe components' lifecycle in
detail

* Learn and master the mobile app
development environment

* Relevant resource searchingin object
customisation

* Visual impact design and implement

 Remote database construction and
real-time network communication

Results

* Develop two identical insurance sales
mobile apps on Android and i0S

e Customized user interface

* Build remote server and database

* Make network communication with
remote server

* User authentication and management
with Firebase

» Stripe online payment function

Android Mobile App
419 MW X » 1447 MIB X »
® ° i
NGy e REWHde
mﬂ Weekly Rewards
@ 6/12
Add your payment information
Maonthly Rewards
Cinema
Achieved
Foreot Usemame YOU v &armed a cinema
foreot Password S
Country or region
A Hong Kong
Save this card for future IPH company
payments
Reg Pay £12.00
Continue as Guest

IOS Mobile App

+IPH

Rewards

Weekly Rewards

G),

Monthly Rewards

Future Work

Ul optimization. Itis a continuous process

after the app is put on the shelf according

to the customer’s feedback

* Improve functionality. Add more app
featuresisin line with the company's
business expansion and market demand

* Optimize integration and usage with

remote database

© JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)
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Minimal RISC-V Microprocessor Design

Pengdao Jiang, Haotian Liao
Project Leader: Dr. Matthew Tang

Bu i ld Si ngle'CO re SYStem-On- - . 2N t wmo | """
chip(SOC) P ITT e L —~

» Study the characteristics of the
RISC-V instruction set and
computer architecture, and
design a SOC that can be
Implemented on FPGA.

» Use the hardware description
language to implement the
system and verify the system on
the development board.

| = R R e Build multicore SOC
sl I ' * Delve into the core timing
ol - ‘ properties and explore specific
* 0x0000 - (51) h*-‘ (s2) - .
o ol © multicore system design

options.

» Verify the stability of the
multicore system.

e Design the benchmark firmware
to verify the speed-up
compared to the single-core
system.

®©
®

Add Floating Point Unit

* Design the floating point unit to
support the RV32F instruction

set. :
* Implement the FP-unit to the Processor ~ Codesize  Execution  Power

base processor system. “cycles dissipation
* Compare execution cycles and : ?

power consumption. Disscuss W'thO_Ut 29279 -10.95mW

about the application of our FP-unit .

approach. With 4621 11.13mW

FP-unit

© JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)
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it Quantifying and Supporting Students’
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el N, Learning Behaviour and Engagements
'-'-'g/, \&‘; Wenrui Li
i Project Leader: Dr Ethan Lau
Summary Stage 1: Information Collection & Statistical Analysis

In 2019, COVID transformed traditional
learning into online learning, which
resulted in limited observations of
students’ behaviour, high drop-out rate
and insufficient interventions from
teachers. The  project aims  at
quantitatively model students’ learning
behaviour and performance and provide
generalized Al solutions driven by
DS/ML/DL.

The contributions are:

» Compare DL methods and ML baselines
(91.39% uniclass, 70.2% multiclass,
87.24% regression).

Model students' performance diversely
with Bi-directional Bayesian Prediction,
learning example, learning styles,
probability learning curves, etc.

Utilize In-course dataset and consider
learning as an envolving process with
RNN and EHMM.

Design a smart Interactive system

(SPEES) with educational insights.

\ 74

\ 74

\ 74

Design & Implementation

e are colwct e, seal dalidre ¥eoeyLn rrasdsding aned dierisien makisg
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PP o

T ek

system
design

||||||

||||||

» 6 system components at sidebar.

» Literature review/datasets/methodologies. _ Pl
» Data preprocessing and statistical analysis ot S S e
(IBM SPSS Modeler 18.0).
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Stage 2: Modelling & Decision Making

(sl 1T Bl

L
ae

» Data preprocessing (Python) and » Experiments for uniclass/multiclass
outlier detection. classification/regression, 12 methods and

» Other modelling ideas and tuning. 23 cases.
LoCa Onither Factor (LOF) 1 e ; - ; - - - El
. 1 LI...,'.' 13
r | s | 1 5l 1) i
'SR OB ay || L e I .
'ﬂﬁﬁ?ﬁ:H&f*'”** | it et/ i g
e e bi-directional
| e e Bayesian et
outlier detection Prediction "
_ h 1
- NN
EHMM ¥ by gl prolasss iy X b s Mo ad o leadid by X3 e |
B
LSTM™
Ei : ISTMN |
— ) N
= ] e [ ]
O learning
- example&
= # learning
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- . - ty
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Stage 3: Smart Educational System Design (SPEES)

» Comparison between traditional & online
learning, multiple standpoints, adaptability
and information privacy.

= iz @ Welcome to SPEES!
B : . |
s oty B = "II
N I-|"!'
i Home
T
N
ol '
- IE-!I_ .l
Functions Functions
o | = se—— ] ,
TR - .
B Fied your inarming partes 5
T = l | Make predhection Tor yaur performance 3
¥F o
Middleware
u g

Problems, Conclusion & Future Work

» Problems: Multipage design & small dataset (cross-validation/ensemble learning/data augmentation with SMOTE).
» Conclusion: Students' behavior and ability influence performance. Learning patterns of various courses are different.
» Future: Online model with increments; more potential of ML/DL with temporal information; user-friendly system.
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Real-time LSTM-Autoencoder Behaviour Anomaly Detection for
Industrial Robot Arm on Nvidia Jetson Nano

Ruigl Wan
Project Leader: Prof. Jonathan Loo

Normal behaviour

Real-time Judge

Joint data

Abnormal behaviour

Problem Definition Demo video

The action control and monitoring
of industrial robot arm need to be
accurate, and it is difficult to
capture extremely subtle errors.

Purpose of the Project

Develop LSTM-Autoencoder model
to efficiently and effectively detect
abnormal actions of robotic arm

Evaluation

Scan the Blue or Red QR code to watch a voice-over demo video
with subtitles, which might take up to two and a half minutes.
Scan the Green QR code to explore the experimental record

Watch on Bilibili

EJI;"C'!""
T 3

Within the "32" 1st Latent layer group, models with 2nd Latent layer
feature numbers of "5" and "6" exhibited excellent performance, but it
experienced some of performance decline when increased to "8-16".
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Similarly, in the "64" 1st Latent layer group, significant performance
decline when 2nd Latent layer features were increased to "16".

Watch on Youtube

Record on Yuque

l."'.:,_;l-
E| "".l-.
Data

These data both normalized to [-1,1].
Some slight differences between normal and abnormal

Principle .. - M o .
; — o J(thx + bxh) - AR Abndiior ok Muontiin ity Coninss S | s o
error = ||x — z|| \ / | [ ':I | I-I o I

The well-trained autoencoder could reconstruct ) - |
pattern which is nearly closed to normal pattern. ' AT .S AN S

| ¥ Architecture

One possible explanation is that, if the number of neurons in the
latent layer exceeds that of the input layer, the neural network may
be given too much capacity to learn the data. In extreme cases, it
may simply copy the input values to the output values, including
noise, without extracting any basic information.

| | | | ‘ stk o =/ Complex network structures may have excessive reconstruction and
| ‘ e = A5 - N generalization capabilities, which lead to the failure to demonstrate
significant errors in reconstructing abnormal patterns.

[ e

LJH':':_E-'\malrIi_‘r_I. |FI_P:}5|Ii:;m_l'].u't-n_Hl:-z_ur'l:.hl..a{tLCc.:-r'ltrn:‘.t

- i i oAt s Good Anomalies Anomalies
- - (il'l d!gl‘!ﬂ) (iﬂ ﬂdi."’ mput_3 mput. | [(Noune, 1, 6)] wpui_15 | mput: | [(None, 1, 12)]
The reconstruct of abnormal quite different and shoulder_pan .. | 458475508 | 0.008001907  0.7930 iputLayer | output | [(Nowe, 1. 6)] mpuLayer | owtput: | [None, 1, 12)]
cause the reconstruct error exceed the threshold. | shnu—l':::t"ﬂ | }
: R T -1.57 0.38297492 0.006684173 -1.5633 | ket 8 mgput (None. 1. 6) stmy_68 | mpat | (Nome. 1, 1.2)
URS_Shoulder_Lift_Position_Data_Reconstruct Contrast | jﬂll"l.t . ' LSTM | owtput. | (Nowe, 1, 32) [H'l";"'rll T outpe \ Nope. 1. 39) {
: f i : : ; : ;  elbow_joint  0.785 | 0.735591428 | 0.012838492  0.7978 - | ovpst: |
‘ |‘ || | ;| ~ wrist_1_joint 0.785 -0.442592894 -0.007724703 0.7773 | l ¥
| | wrist_2_joint  0.785 | 0.606553478 | 0.010586355  0.7956 [ b9 | wput. | None 1. 32) ltm 69 | aput. | (None. 1, 39
| | ‘ ‘ | ‘ | wrist_3_joint  0.785 | 0.45056705 | 0.007863879  0.7929 Bl ot MLl e oD | S
| ‘ ‘ o is standard deviation and satisfies 3o less or equal than p and S l —— -y Y TR T
L | | | L | | | | the area within i§ 99.?3?020%. This limitatiun was set to make '::‘:;:“n‘;”: ;, ;:1":“ .l:m:: ;. [‘1‘;%‘5_‘ ol 1‘:::‘ - l ~ "L_E‘__"A
'*.I 1 ‘ 1 | 1 | “al nearly none of distribution of anomalies cross the zero point, then '“ T [ O B
L. | L 'L baad Vaved Rl L o the distribution of anomalies would be approximately considered = l __ Y
e e e . as symmetric about the zero point. [Renje ) sy [ases ] Hl o | St | e
wa s m™e om0 1% 2 mses 10w jo% .. LSTM | uur]-.nl .ﬂ."-'-lurr 1, 5) LST™ | [‘-Iﬁ]’ﬂl" (None. 1. 10)
Set up a threshold above the max loss of good Pf’*i(radm_n) o B e l Y
pattern and input the bad data. The reconstruct loss. Adradian] = BES2B X ai(de‘gree)z I T:T;: :ll.. 1:. ::. 'l'.ﬁn: :“:‘. ::: “+
are far beyond threshold and abnormal are a;(degree) = Sign X v,z—lmﬂxp(— ("“2;2‘) ) l e
dEtECtEd. — 3{:!' E p[ | fune dastnbuted Xidense 1) | mput {None. 1, 31) . twne chstnbawted l'Hinl.ﬂr_;['W | ok (None. 1. 30) |
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Ruigi Wan is an undergraduate student about
to graduate at JP programme QMUL with BUPT
with research interests in machine learning and
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“Good luck to you, and to me as well.”
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Research on Brain White Matter Dynamic Functional Connectivity in
Patients with Braln Arterlovenous Malformations (AVM)

Introductlon

Brain arteriovenous Malformations (AVM) belongs to a The purpose of this research is to explore
rare congenital lesion, which may involve language reorganisation patterns of AVM patients in terms of
areas but the patients usually have no language white matter functional connectivity, which is a

barriers. AVM thus becomes a unique model to study quantitative parameter obtained from diffusion MRI
the cognitive function mechanism. and functional MRI (fMRI) datasets.

AR Functional MRI: measure brain
Diffusion MRI: Modeling the AL B | X R | | activity by detecting changes
white matter pathways - RASRADEN | |in oxygen in the blood: blood

(neurite) by measuringthe RSN || oxygen level dependency

water molecule diffusion. ~ A0 (BOLD) signals.

' | Functional Connectivity (FC):

Temporal correlation of the ™=
BOLD signals between
distinct brain regions.

.. Diffusiontensorimaging (DTI): 3D ellipsoid mod
characterize the diffusion of water molecules
| with 3 orthogonal eigenvectors [1].

Trac_:togaphy (I_:iber Track-weighted dynamic Functional
tracking): Generating 3D Connectivity (TW-dFC): mapping the FC to |

r.epresentatmns i corresponding white matter pathways
white matter pathways ;
TWAFC (v, t) = —

based on the primary
diffusion directions.

- e ' Y -~ N -’-", - +“‘- .'.l '.’""F P - - [ . e } L ! - i ""-"" & £ ; — e - ; ' ‘. . gl B I
el A N : R ¥y B - " ‘.‘_‘.' {F A " - ‘ o 14 _ ~ h__:f‘t |
. y AN o ' 4 -~ s
L e N -\ R \ _-— : . S T P N SSal  Y, R g N -

"m‘- '_._1-.

* Subjects: 34 left hemisphere AVM patients g In visual synonym judgement task, TW-
VS 32 healthy controls (HCs). §| dFC intensity of AVM patients (blue lines)

teconss)  [NCrease in right hemisphere fasciculus.

Supertnr Longitudinal Fagmcu[us SLF) Inferior Fronto-occipital Fasciculus (IFOF)

3T fMRI scanning while performing visual
synonym judgment, oral word reading and
auditory sentence comprehension tasks. g % " ‘
DTl images: b =0, 1000 s/mm? with 64 ’{“ | ’%a
diffusion directions. - - ;
Tractography: calculated by constrained é}: %o 2 B ;21 . & - k é
spherical deconvolution (CSD) [3]. ""%;“' - P‘Eﬁ. 4 K

Reglonal-average within each group. In wsual synonym Judgment task, the . e
Two sample t-test to detect the specific TW-dFC intensity of AUM was higher

reorganization area of AVMs. than that of HCs in the left ATR, IFOF “ *
* 6 language related fasaculus and ILF. While in the left hemisphere

i “ mﬁ“mm b e ab fasciculus, the TW-dFC value of HCs is
* * significantly higher than that of AVM. * “
‘ Conclusmn £ 4

~ Itisthe f”'St study to compare the TW-dFC || [1] Basser, P.J et al. J. Magn Reson. Ser. B. (1994)
intensity and found AVM patients reorganize their [2] Calamante, F. et al., Brain Struct Funct. (2017),

language function mainly in the right hemisphere| | (3] Tournier, J.D. et al, NEUROIMAGE. (2007).
fasciculus in visual synonym judgment task.

Superior Lungltud:naE Fascmulus Tempural Part ( SLFT) Inferior tﬂngltudmal Fa5r:|culus ||—F
- 0.31

.bﬂrrmm
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Synthetic-to-Realistic Object Rendering

for 6D Object Pose Estimation
Zhiyang Chen
Supervisor: Dr Changjae Oh

GAN based Image2lmage Translation 6D Object Pose and Size Estimation
* Generative Adversarial Networks (GANSs): * Normalized Object Coordinate Space (NOCS)
* Two neural networks (A generator and a method:
discriminat(?r) simultaneously trained via * Estimating the 6D pose and dimensions of unseen
an adversarial process [1]. object instances in an RGB-D image [4].
est mages rom aisrburin x (@AY | * Thetraining dataset in NOCS is a mixed reality
)\ N— dataset (called CAMERA).
S Y 5§ = — » The domain gap exists in the CAMERA dataset
random Gaussia generator (i — indicating how “fake”
T g w__, ﬁ — the image is * Wetrain CycleGAN to render synthetic objects in the
~—_— - CAMERA dataset to realistic.

* Image-to-Image Translation:

* Generating an image by transferring the source- @ B | R __
iImage style to a target image [2,3]. n e e . I
Labels to Facade BW to Color - ‘ .-
Scene iage hu;1 the CAMERA dataset / Realistically im-;-}mved scene image
synthetic objects reaslr;:?:l?:::tur Realistic objects

(128x128) (128x128)

in CycleGAN

nput —output input outpu * Retrain the NOCS model and Make Comparison:
S T * We prepare a 10K CAMERA dataset and 10K realistically
rendered CAMERA++ dataset, then use them each to
train a new NOCS model, evaluate them and make a
comparison. (Improved on BOTTLE category)

Dataset mean A\rerage Precision (%

Synthetic-to-Realistic Object Rendering
For
* We use 4Kreal and 4K syntheticimages to cm | cm | cm [ cm | ecm | cm

train a CycleGAN model for 200 epochs with a m
learning rate of 0.0002 and a batch size of 1. m

oweno |71 | 639 | 86 | 96 [ 220 | 223 | 323 | 353
i Svnthetic output -
. 22 ~ Real
Real input Nl ’- F reconstruction

Synthetic input n ' - '_ =

__“__If{q_a_ |5‘{|£ Dutput

Synthetic
reconstruction

 We setdomain A as areal domain, and domain B
as a synthetic domain. The generator we want is
G4, applying test process on Gz_, 4 to achieve
synthetic-to-realistic rendering.

References

1] I. Goodfellow et al., Generative adversarial networks, N/PS2014.

2] P.Isola et al., Image-to-image translation with cGAN, CI/PR2017.

3] Zhu et al. Unpaired image-to-image translation using CycleGAN, /CCl/2017.
4] He Wang et al., Normalized Object Coordinate Space for Category-Level 6D
Object Pose and Slze Estimation, CV/PR20109.
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Technology Policy Text Analysis Based on Latent Dirichlet Allocation

Topic Model
Siyuan Hu
Supervisor: Richard Clegg
Introduction LDA model building
Technology policy has become increasingly =
significant in national security and economic ..
development. The number of policies is surging = f e
rapidly. However, quantitative methods are ";f
underutilised. Therefore, this study uses the
Latent Dirichlet Allocation Topic model to discover L ke
latent topics in different periods of technology Resul
policy in the UK and the US from 2015 to 2022. esults
fnuclear Aerospiace
: tt;:r::"::: 1S&on decarbonisation
Acquire data R Tune parameters — Visualise the results A I' ﬁ é gmm : LIHT}LL:
l l l ¥ I I__ v ;Jejf.z:h data
Pre-process data Build the LDA model Calculate the Similarity - — i
l l l IIIII i cducation cducation
Build 3 corpora (et the results Analyse and compare |
Corpus building LDA training Results interpretation — ——
. . ) _— h\:] v ;rmf:n-lu
Latent Dirichlet Allocation Topic model m— — e
S — 2 e Bnerwork EGpmnmsi -
Document topic 1 topic2 topicN Topic word 1 word?2 wordN i gr:t” : ::: - mm{iiﬂ?
\\‘ ,/ | - - - | 2015-2016 2017-2019 2020-2022
COTpus IU /} / | l'ﬁ.{ur;n;-.
doc |
: > H‘ e III| _ |
- I. o
Discussion

* Topics of technology policies develop rapidly, but with continuous trends.

* Comparison between UK and US technology policy. Similarities : Highlight security issues in
cyber and Al, social aspects, digital intelligent, and global collaboration. Differences: Energy
(UK) or environment (US). The US highlights more on the fundamental research and COVID-109.

Conclusion

* The LDA topic model discovers topics in the UK and US technology policy from 2015 to 2022.

* Data visulisation: the heatmap compares topics in different time windows and the Sankey diagram
shows the evolution of topics. The similarity diagram shows the evolution pace and comparison.

* Further research: smaller time windows, more model evaluations.

© JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)
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Tool for Planning and Visualising Traffic Movements

Yida Tao
Project Leader: Dr Alan Wong

Data Source: Comma Separated Values (CSV)

Background & Objective

BUSSIIRG R6T BRI Processing Algorithms
* Individual traveller: planning most efficient routes i

« Traffic administrator: Analysing large scale of traffic

flow data for traffic network optimisation 4 lot =
This project uses the traffic flow data collected by Local "'l P Iy
Authorities of Shenzhen City, China, aiming to

implement an integrated and lightweight solution for plotly graphic objects Webpage Layout
analysing and visualising traffic movements, as well as

various user groups. Multiple statistical modeling l|l| DlOtly — @Mk
techniques and machine learning models are employed.

assisting route planning, which is also accessible to
The results are visualised in web browsers with
interactivity. Web browser-based Platform

UoIdY J9s()

Functionalities Human-Computer Interaction

e Taxi Operation Analysis * Achieved by Callback Functions

*  Metro Station Card Analysis * Supports dropdown selecting, text input and camera

* Point of Interest Discovery operation

* Route Planning * Mouse-hovering panel displaying detailed information of

data entities

Taxi Operation Analysis

f | l : N * Origin-Destination (OD) Extraction
" I I I .. o Ui 0 il = Order/Duration Overview of all taxis and selected object
- _§8% B QU= “gHN" :
I . I I l 1 . 0 & * Pick-up and drop-off block

* Speed status / geospatial trace with occupation status

103

Order Overview of Single Taxi Duration Overview of Single Taxi

Metro Station Card Analysis

 Metro Traffic Flow (By
station or ' == B e

administrative division) |
B h I H“M il
e :!

« Traffic Flow of Selected
Metro Traffic Flow of St. Shenzhen University Metro Traffic Flow of Shenzhen by Station

--I__I‘__ l_1‘_-.|| Ti Iia-i i CIWA i ! 3 1 T

Metro Station

* Sunburst of passenger
flow in morning and
evening peaks

b

Route Planning

* Enabling origins and destinations selected by user

* Supports road network and metro network

* One optimal solution based on Dijkstra routing
Algorithm

Metro Route Planning (from St. Xiasha T i to St. Buji i &)

© JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)




QMUL-BUPT JP/JEI

+
\E..QSI Queen Mary JP Student Innovation Centre (JPIC)

University of London Annual Showcase 2022/23

Trajectory prediction mechanismin VANET
for privacy protection
Honglin Li
Project Objective Project Leader: DrYan Sun

v Outcome 2:
Innovative Kalman Filter Algorithm

Propose Pl"ivacy e ¢ ¢ \ehicle trajectory prediction

protection solutions

* Research the security threats and

In Mix-zone, the red predicted trajectory is
very close to the green real trajectory. And exit
the Mix-zone from the same intersection.

propose privacy protection solutions

* Develop atrajectory prediction

Background

mechanism for generating fake

» Privacy protection in VANET

trajectories to deceive attackers

 Pseudonym exchange mechanism:

Vehicles exchange their VANET index

with each other

* Mix-zone mechanism: Set a specific

area to perform pseudonym

e

exchange
PP

e o o [ake trajectory generation

In Mix-zone, the algorithm generates two
purple fake trajectories, which leave the Mix-
zone from other two intersections.

POFLIT IO

o o o Real trajectory in the mix-zone
e ¢ ¢ Predicted trajectory in the mix-zone
e ¢ o Fake trajectories in the mix-zone

» Solution Structure

Pj & Pi: Vehicle pseudonyms Blue circle: Mix-zone

trajectory.db " R T RNN Modules

O: Green car

Aim of privacy protection :
v' The attacker cannot trace the

Step 1 tep . Step 3

vehicle trajectory in the Mix-zone

v Outcome 1:
Traffic Simulation system

» Security threats

o ¢ e Trajectory before Entering mix-zone
e o o Real trajectory in the mix-zone

* |tis possible for attackers to use

* The simulation system generates v Qutcome 3: RNN Optimization

advanced trajectory prediction

techniques to trace trajectories in IR EA1H MR * Goals: make the predicted trajectory

* Thedatais stored inthe supporting |« |nput: real trajectory & predicted

database trajectory (two time series)

Train_loss Using Innovative Kalman Filter Result

W B

A T T S T D T T G S T T G A G T T G e T T $ e 2 A $ 2 e $ A $ 2 2 s e 2 A 2 A S A S T A S . . . . T . T T S T T - T T T T T S T S s I T T O T T T T T T T T S T T T T T T T T T T T S T -

 Different kinds of intersections

e ¢ o Real trajectory in the mix-zone

s & Prodisted hafeckon brtlwmivmen © JP Student Innovation Centre (http://www.eecs.gmul.ac.uk/bupt/jpic/)




	Slide1
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11
	12
	13
	14
	15
	16
	17
	18
	19



