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Content 

• 什么是凌感和印象湃？ 

 

• 关于手势识别技术？ 

 

• 我们要开发什么样的AR/VR游戏？ 



有奖抢答Q1 

最早的VR游戏机是哪家公司开发的？ 



Content 

• 什么是凌感和印象湃？ 

 

• 关于手势识别技术？ 

 

• 我们要开发什么样的AR/VR游戏？ 



关于 uSens 

• 2013成立于加州硅谷的圣何塞市 

• VR & AR 三维人机交互解决方案 

• 第一个在移动平台上提供三维手势识别技术 

• 在教育、医疗、娱乐、商务等为用户带来交互性最强的沉浸式“超级现实”体验 

 

 



Impression Pi 印象湃 

无线 -  移动平台, empower smart phones, cordless 
 
 
简便的内容开发移植 - 简单易用的 SDK plug-in in C++, Java, Unity and Cardboard 
 
 
超级现实 - VR & AR 自由叠加和转换 
 
 
手势控制 - 三维手势手指的跟踪识别. >60fps 帧率 
 
 
位移跟踪 - Inside-out 头部位移跟踪, 极小的延迟  
 



实现方案 



AR+VR Demo 

Super Reality (Combination AR + VR) 

 

http://v.youku.com/v_show/id_XMTI5NjY1MjUzMg==.html


兵俑背后忧桑而又震撼的故事 

空气氧化使出土的兵俑鲜艳的衣着与武器消失 

博物馆展出的兵俑为陶土色，手中缺少武器 

通过AR看到兵俑原本的彩色衣服与武器 

通过VR穿越到秦代制作兵俑的窑洞，亲手为兵俑
佩戴武器 

与高举武器、衣着鲜艳的兵俑回到现实 



三体合一 

Gesture 
• We adopt the same hardware as Leap 

motion (Dual IR camera) 

Super Reality 
• To render AR, we need to get TWO 

images at exact position of left and right 

eyes. 

•Dual RGB camera is required. 

Tracking 
• IR and RGB cameras are also used in 

3D head tracking 

• High performance IMU is also required 

+ 

System Design 
• Stereo RGB+IR camera 

• IMU sensor 

• Computing unit 



Our Solution  

Algorithm 

1. Alignment: 

Track head position and orientation, 

w.r.t the real scene. Using RGB 

cameras. 

2. Render real scene: 

a) Capture stereo image of the real scene. 

Using Stereo RGB Cameras 

3. Render virtual objects: 

a) Determine the position of the virtual object 

to be displayed. 

b) Generate stereo image of the virtual object 

c) Render virtual objects over the real scene. 

Super  

Reality + 3D Alignment 

Real Scene 

Virtual Objects 



运算功能 需要连接电脑使用 便携，丌需要外接设备 
自带的处理器和手机处理器协同
工作 

手势识别 需要外接额外的传感器
（leapmotion等） 

内置传感器可以识别手势， 
手势识别算法针对移动平台进行
了优化，速度能达到30fps 

头部运动估计 需要外置红外摄像头 通过内置的红外和彩色摄像头 

显示方式 只能显示VR内容 可以显示VR和AR内容，可以任意
切换显示方式 

Compare with Oculus Rift 



VR产品分析 

AR 

 

 

 

3D Hand 

Tracking 

 

 

 

Position 

 

 

 

Rotation 

2013               2014                 2015                   2016                  2017 

4 Features to reach a perfect VR user experience 

Oculus DK1 

Oculus DK1, DK2 

Nimble Sense 

Samsung Gear VR 

Surreal Vision 

PC/Mobile 

With Impression Pi 

PC based VR 

Mobile VR 

Complicated 

Easy 

Past Future 



Super Reality (Combination AR + VR) 

 

Impression Pi Live Demo 

 

 

3D Fingo (Gesture in AR) 

 

 

最新进展 

http://v.youku.com/v_show/id_XMTI5NjY1MjUzMg==.html
http://v.qq.com/boke/page/y/0/7/y0148oim3x7.html
https://www.youtube.com/watch?v=-FOL2_lABBA&feature=youtu.be
http://v.qq.com/boke/page/a/0/9/a0166bhj2l9.html
https://www.kickstarter.com/projects/impressionpi/impression-mobile-vr-ar-with-gesture-position-trac
IMPRESSION+PI(AR+VR).mov


Extensions 

Intellegent Eyes 

FVT digital Signal HUD Car Eye for Robot Vision Drone 
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3D UI 

Gesture 

公共显示 智能家居 

游戏 

http://xxgcxy.hist.edu.cn/images/12/05/26/1ibi8o

6dc1/7bv7_image007.jpg 

驾驶 

医疗 



Gesture 

 

 

 当使用者戴上头盔时，他们的 
第一个动作就是看自己的手 
 

 如果用户在虚拟环境下看丌到 
应该看到的东西，会产生眩晕 
 



Gesture | State of Arts 

早期的手势识别算法 

- 基于形态学运算，识别指尖位置 
- 基于模板匹配，识别特定手势 

http://www.tiaozhanbei.net/project/3936/ http://social.msdn.microsoft.com/Forums/getfile/134817 



Gesture | Our Approach 

3D Fingo (Gesture in AR) 

 

 

http://v.qq.com/boke/page/a/0/9/a0166bhj2l9.html
https://www.kickstarter.com/projects/impressionpi/impression-mobile-vr-ar-with-gesture-position-trac


Gesture | Our Approach 

Head 

tracking 

Hand 

tracking 

World coordinate Head coordinate 

Finger tip in  

“Head coordinate” 



Gesture | How to Use 

UI Interaction 
-Only need simple gesture recognition, 

Pointing, Sweep, 3D touch, etc 

-Need to detect finger tip quickly and 

accurately. 

Game Interaction 
-Need more complex gestures, grab, 

rotate 

-Need to estimate hand skeleton model 



Gesture | State of Arts 

Skeletal Hand Tracking Library 

Released by Intel at May 2013 
Real-time hand Tracking Released by Microsoft at 

Aug. 2014 Robust to tracking lost, fast movement 

Nimble VR, acquired by Oculus Rift at 2014  LeapMotion, released at 2013 



Gesture | Reference 

• 3D Pose Indexed feature as random forest feature 

• Principle hierarchical regression method in 3D space. 

• Learn residue from current pose to correct pose, as SDM method for face. 

 

• Regression in hierarchical order, from palm to finger. 

 

Xiao Sun, Yichen Wei, Shuang Liang, Xiaoou Tang, Jian Sun. Cascaded Hand Pose Regression. CVPR 2015 

Pose Update 

initial pose ground truth

palm stage 1

palm regression

holistic hand pose regression

hierarchical hand pose regression
finger regression

palm stage 3 finger stage 4 finger stage 6

stage 1 stage 3 stage 4 stage 6

Figure 1.Illustration ofcascaded hand pose regression on a realexam ple.Starting from the depth im age and a rough initialhand pose (see
Section 3.5 aboutinitialization),the hand pose is iteratively updated through six stages and approaching the ground truth. The top row is
the holistic hand regression (Section 3.3).The bottom row isthe hierarchicalregression (Section 3.4),i.e.,palm isupdated in the firstthree
stages w ith fingers fixed (relatively to the palm )and fingers are updated in the lastthree stages w ith palm fixed.

of m ore difficult sub-parts (such as fingers) are then con-
ditioned on the pose of the rootpartand thus easier. The
hierarchical approach does notonly converge faster butis
also m ore accurate.

The proposed approach w orks on general3D articulated
objects. Itis applied forhand pose estim ation in this w ork,
as exem plified in Fig.1.C om prehensive experim ents show
thatitsignificantly outperform s the state-of-the-art,on both
public data and a large challenging datasetcollected by us.
In addition to the high accuracy,ourregression is also very
fast(> 300 FPS on C PU ,single thread)and w ould be influ-
entialforrealapplications.

2.R elated W ork

The literature of (articulated) object pose estim ation is
com prehensive.W e briefly review the previousw ork from a
few view points thatare ofinterests and related to ourw ork.

V iew point estim ation M any previous w orks m odelthe
cam era view point distribution as a hidden variable and
learn its distribution first. The object pose distribution is
then conditioned on itand learntafterw ards. This reduces
the variations caused by view pointand sim plifies the pose
learning problem . This fram ew ork has been applied to fa-
cial landm ark localization [8], hum an body pose estim a-
tion [33] and hand pose estim ation [6,10]. H ow ever,for
hand thisapproach islesssuccessful,because the view point
variations forhand are farm ore com plex than thatin body
and face, w hich usually have only sm all view point varia-
tions in yaw . Previous techniques (pre-clustering of hand
pose in [6] and using an augm ented cost function w ith a

view point classification term in [10]) are sim ple and can
only perform coarse view point estim ation. In this w ork,
w e param eterize the view pointinto the hand pose and esti-
m ate ititeratively in a boosted regression fram ew ork. This
is m ore robustand accurate.

C ascaded pose regression and pose-indexed features
The fram ew ork [9] progressively updates the object pose
via a sequence of w eak regressors. Itextends boosted re-
gression [12] by exploiting the pose-indexed features,i.e.,
regressorlearning in the currentstage uses features thatare
defined on the estim ated pose from the previousstage.This
achievesbettergeom etry invariance and m akeseach stage’s
learning easier.Ithas been successfully applied for2D ob-
jectpose estim ation problem [9],especially forfacialland-
m ark localization [5,27]. In this w ork, for the first tim e
w e extend the fram ew ork for3D objectpose estim ation and
show how to define pose indexed features in 3D .

Per-joint estim ation vs. holistic regression M any
m ethods[6,39,10,22]estim ate hand jointsindividually by
follow ing the per-pixelclassification approaches forhum an
body pose recognition [18,29].Such m ethods firstly classi-
fy allpixels into objectparts and then convertthem into se-
m antic joints.This strategy has tw o draw backs.First,eval-
uating m any pixels is slow . Second and m ore im portantly,
estim ating the joints individually m ay violate the inheren-
tstructural constraints. B y contrast,our holistic approach
evaluates the w hole im age just once and regresses all the
joints sim ultaneously.This is notonly fasterbutalso better
preserves the structural constraints, such as show n in [5].
W e note thatholistic regression is also used in [34,35]for

hand pose estim ation,butnotin a cascaded m anner.
H ierarchical pose estim ation The progressive hum an

poseestim ation approach [11]sharesasim ilarideaw ith our
hierarchicalregression ata high abstractlevel,butdiffersa
lotin details. W e do notperform partdetection butdirect-
ly estim ates the pose of object parts in the order of their
articulation com plexity. This turns outm ore effective than
regressing allpartstogether.

M odel based pose tracking There are a lot of m odel
based approaches forhand tracking [30,14,15,16,32,23,
37,26,25,31]and hum an body tracking [1,19,36].They
are m ostly based on slow butaccurate local optim ization
and require good initializations to w ork w ell. Such m eth-
ods are m ostly com plem entary to learning based m ethods,
w hich can provide fastand rough pose estim ate as initial-
ization.

Early w ork on hand M ostearly w orks[17,38,4,2,13,
24]use RG B im ages orvideos. D ue to the lack of3D in-
form ation,they usually w ork undernear-frontalview points
and becom e lessstable underlarge view points.

3.C ascaded H and Pose R egression

A s illustrated in Fig.2(a),the hand pose Θ is param e-
terized as 21 kinem atic joints. W e also representΘ as six
parts,the palm Θp (6 joints)and five fingers {Θf } (each 3
joints),w here f ∈F = {1,2,3,4,5}.The palm encodes 6
degreesoffreedom oftheglobalview point.Each fingerand
its corresponding rootpointon the palm (4 joints in total)
encode 4 degreesoffreedom offingerarticulation.

To estim ate thehand pose,w estartfrom adepth im age I
and an initialposeΘ0.In each stage t(= 1,...,T ),the cur-
rentpose estim ation is progressively updated by the stage
regressorR t as

Θt = Θt− 1 + R t(I,Θt− 1). (1)

The finalpose estim ation isΘT .
D uring training,the stage regressor R t is learntto ap-

proxim ate the current pose residual δΘi, w hich is the d-
ifference betw een the ground truth pose and the estim ated
pose from the previous stage Θt− 1

i ,over alltraining sam -
plesi.N ote thatthe features forlearning R t depend on the
previouspose estim ation Θt− 1

i .Such pose-indexed features
provide better geom etric invariance and have been show n
effective in several2D pose regression tasks[9].

Thiscascaded pose regression fram ew ork isgeneraland
introduced in [9]. N ow w e show how to extend itfor 3D
hand pose regression.W efirstdescribe the basic principles,
i.e.,3D pose norm alization and 3D pose-indexed features
in Section 3.1 and Section 3.2. A ccordingly,w e presenta
holistic regression algorithm in Section 3.3. W e then m o-
tivate and develop a new hierarchicalregression algorithm
in Section 3.4. Itexploits the characteristics ofarticulated
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Y
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Z

(a) (b)

Figure 2.(a)21-jointrepresentation ofa canonicalhand pose.(b)
Illustration oftw o fingercoordinate fram es and the palm coordi-
nate fram e on a real3D hand pose,as w ellas the corresponding
3D transform ations.See Section 3.1 fordetails.

objectand im provesthe holistic algorithm .Im plem entation
details are provided in Section 3.5.

3.1.3D Pose N orm alization

Thehand poseupdatein Eq.(1)isdefined in the3D cam -
eracoordinate fram ein thedepth im age.Thisisundesirable
because itcan be affected by non-essentialtransform ation-
s betw een such coordinate fram es,e.g.,an in-plane im age
rotation generatesdifferentdepth im agesforthesam ehand.

To achieve certain invariance, w e should use a single
canonicalcoordinate fram e thatisirrelevantto the individ-
ualcam era coordinate fram es. This is realized by apply-
ing a 3D transform ation TΘ to norm alize the poseΘ to the
canonicalcoordinate fram e.Thisnorm alization isdone for
alltraining sam ples so thatthey are roughly aligned in the
canonicalcoordinate fram e before training.D uring testing,
the inverse transform ation TΘ isused to transform theposes
back to the cam era coordinate fram e,w here the actualpose
update happens. In essence, allprevious body/hand pose
regression w ork im plicitly usesthis3D pose norm alization,
w hich nevertheless degenerates to a 3D translation,e.g.,by
aligning the depth im age patch/3D pointcloud in advance
using atranslation,orregressing therelative3D jointoffsets
(in cam era coordinate fram e)to a depth pixel[29].

In this w ork, for the first tim e w e use a full 3D rigid
transform ation so ithasbetterinvariance w ith respectto 3D
rotation in addition to translation. W e define tw o types of
canonicalcoordinate fram es.A sillustrated in Fig.2(b),the
firstisaligned w ith palm rootand thesecond isaligned w ith
fingerroot. The corresponding 3D norm alization transfor-
m ations are denoted as T p

Θ and T f
Θ . Specifically,the palm

coordinate fram e has its origin at w rist, positive Y axis
pointing to the m iddle fingerrootand positiveZ axispoint-
ing outw ardsofthe palm plane.A sitisdefined only using
the palm part,the transform ation T p

Θ can also be w ritten as
T p
Θp . The finger coordinate fram e has its origin atfinger



Gesture | Reference 

Pose Search 

• Use Similarity Sensitive Coding to compress hand image to 192bit 

• Use Hamming Distance for fast comparison.  

DB size is 10K, retrieve time is 2ms. 

Robert Y. Wang and Jovan Popovic, Real-Time Hand-Tracking with a Color Glove, ACM Transaction on Graphics (SIGGRAPH 2009), 28(3), 

August 2009 

C am era input im age Tiny im age D atabase nearest neighbors N earest neighbor pose

Figure 5: O ur pose estim ation process. The cam era inputim age is transform ed into a norm alized tiny im age. W e use the tiny im age as the
query fora nearestneighbor search ofourpose database.The pose corresponding to the nearestdatabase m atch isretrieved.

uniform kernelofvariable-bandw idth to crop the glove region.W e
startatthecenteroftheim agew ith abandw idth thatspanstheentire
im age. A fter each iteration of m ean-shift, w e set the bandw idth
forthe nextiteration based on a m ultiple ofthe standard deviation
ofthe glove pixels w ithin the currentbandw idth. W e iterate until
convergence,using the finalm ean and bandw idth to crop the glove
region.

4.4 Tiny im age distance

To look up the nearest neighbor, w e define a distance m etric be-
tw een tw o tiny im ages. W e chose a H ausdorff-like distance. For
each non-background pixelin one im age,w e penalize the distance
to the closestpixelofthe sam e colorin the otherim age (See Figure
7):

d̃(ri,rj) =

s
1

|Ci|

X

(x ,y )∈C i

m in
(u ,v )∈S x y

(u − x)2 + (v − y)2

w here S x y =
n
(u,v)|rix ,y = rju ,v

o

Ci =
n
(x,y)|rix ,y ̸= background

o

d(ri,rj) = d̃(ri,rj)+ d̃(rj,ri)

database
candidate

distancequery db    query query    db
divergencedivergence

Figure 7: H ausdorff-like im age distance. A database im age and a
query im age are com pared by com puting the divergence from the
database to the query and from the query to the database.W e then
take the average of the tw o divergences to generate a sym m etric
distance.

W e found thatourH ausdorff-like im age distance m etric w as m ore
robustto alignm entproblem sorm inordistortionsofthe im age than
the L 2 distance.O urdistance is also m ore robustto colorm isclas-
sification than a H ausdorff distance thattakes the m axim um error
acrossallpixelsratherthan an average.

The nearestneighbortiny im age can provide an approxim ate pose
ofthe hand,butcannotaccountforglobalposition (e.g.distance to
the cam era)since each query isresized to a tiny im age.To address
this,w e associate 2-D projection constraints w ith each tiny im age
forthecentroidsofevery colorpatch.Thusw ecan obtain theglobal
hand position by transform ing these projection constraints into the
coordinate space oftheoriginalquery im ageand using inverse kine-
m atics.

G iven the database construction and lookup algorithm s described
above,w e can quantitatively evaluate the effectofdatabase size on
the accuracy of retrieval. For each database size,w e m easure the
average perform ance offive hundred testposes sam pled random ly
from our collection of recorded natural hand configurations. W e
observe the distance to the nearestneighborin the database accord-
ing to the pose distance m etric and the im age distance m etric (See
Figure 8).
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D istance to nearest neighbor (N N ) versus 
database size

Figure 8: D atabase coverage evaluation (log scale). As the
database size increases,pose estim ation becom es m ore accurate.

The consistentdecrease ofthe pose nearest-neighbordistance w ith
database size validates the efficiency and coverage ofourdatabase
sam pling. The consistentdecrease of the im age nearest-neighbor
distance validatesourtiny im agesdistance m etricand indicatesthat
retrievalbecom es m ore accurate w ith database size.

4.5 B lending nearestneighbors

In addition to selecting the nearest neighbor in our database, w e
can also use a blend of the k-nearest-neighbors. This provides a
sm ootherand m ore accurate result.W e blend a neighborhood N of
the ten nearesttiny im agesw ith a G aussian radialbasiskernel,

q p(r) =

P
i∈N q i exp

“
− d(ri,r)

2
/σ2

”

P
i∈N exp

`
− d(ri,r)2/σ2

´ (1)

w here σ ischosen to be the average distance to the neighbors.

5 R eal-tim e hand-tracking system

In thissection,w edescribe ourexperim entalsetup and propose sev-
eralenhancem entsto ourbasic pose estim ation algorithm fora real-
tim e system . Q uerying a database ofim ages is w ell-studied in the
com putationalphotography and com putervision literature,and w e
adaptan acceleration data structure forfasterdatabase search to our
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Deep Learning 

Jonathan Tompson, etc. Real-Time  Continuous Pose Recovery of Human Hands Using Convolutional Networks. Siggraph 2014 

• Use CNN network, input is depth map, output heat maps of every joint. 



Gesture | Our Approach 

Leapmotion                v.s.                 Ours 
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交互设备 

Samsung GearVR 

The Void 

AntVR 

Oculus Rift Controller 
Virtuix Omni 



体感游戏？ 

v.s. 

真实性低 真实性高 

可以坐着玩一天，适合宅男 

游戏粘性大，一般单机游戏通关要100+小时 

非常耗费体力，玩一会儿就累了 

起初很新鲜，一段时间以后就没兴趣了 

没有触感 

销量超百万的知名游戏很多 没有大作，都是休闲小游戏 

对空间没有限制 需要比较大的游戏空间 



VR游戏 

1. 坐着玩 
 

2. 真实感强（视觉、触觉） 
 

3. 基于现有VR技术容易实现 

SIMEXPERIENCE 星际公民demo图 



看到虚拟场景 

看到真实物体 

摸到真实物体 

Requirement 

 可以看到该看到的东西 
- 虚拟物体：驾驶室、各种仪表盘、室外场景 

- 真实物体：手、方向盘、换挡、飞行控制器等 

 可以摸到需要用于交互的设备 
- 方向盘、换挡、飞行控制器等 



Our Solution  

Algorithm 

1. Alignment: 

Track head position and orientation, 

w.r.t the real scene. Using RGB 

cameras. 

2. Render real scene: 

a) Capture stereo image of the real scene. 

Using Stereo RGB Cameras 

3. Render virtual objects: 

a) Determine the position of the virtual object 

to be displayed. 

b) Generate stereo image of the virtual object 

c) Render virtual objects over the real scene. 

Super  

Reality + 3D Alignment 

Real Scene 

Virtual Objects 



Our Solution 

Algorithm 

1. Alignment: 

Track head position and orientation, 

w.r.t the controller. Using RGB or IR 

cameras. 

2. Render virtual scenes. 

3. Render real objects: 

a) Capture stereo image of the real scene. 

Using Stereo RGB Cameras 

b) Detect and extract real objects to be 

displayed. 

c) Generate stereo image of the real objects 

from input stereo images. 

d) Render the real objects over virtual 

scenes. 

 

Super  

Reality + 3D Alignment 

Virtual Scene 

Real Objects 

看到虚拟场景 

看到真实物体 

摸到真实物体 



Conclusion 

• 在一个受限环境下（驾驶室），真实感很强的VR/AR游戏 

 

• 现有技术可以实现，周期短 

 

• 不需要开发新设备，成本低 

 



有奖抢答Q2 

这段视频片段出自哪部动画片？ 



• 机动战士高达  

• 1979至今，几十部动画、游戏 

• 坐在驾驶舱内操作； 

• 使用控制器、键盘、踏板进行操作 



What’s more 

• 在网络小说里经常出现的 虚拟游戏驾驶舱 

• 日本已经发布了 高达游戏的模拟驾驶舱 

机动战士高达:战场之绊 

http://www.baidu.com/link?url=siI3dAtIv4IhVVSLpniFW3gmJzDcnEHraN6PRol5l53PzmYcwabmCqUuUq11E14k
http://www.baidu.com/link?url=siI3dAtIv4IhVVSLpniFW3gmJzDcnEHraN6PRol5l53PzmYcwabmCqUuUq11E14k
http://www.baidu.com/link?url=siI3dAtIv4IhVVSLpniFW3gmJzDcnEHraN6PRol5l53PzmYcwabmCqUuUq11E14k
http://www.baidu.com/link?url=siI3dAtIv4IhVVSLpniFW3gmJzDcnEHraN6PRol5l53PzmYcwabmCqUuUq11E14k
http://www.baidu.com/link?url=siI3dAtIv4IhVVSLpniFW3gmJzDcnEHraN6PRol5l53PzmYcwabmCqUuUq11E14k
http://www.baidu.com/link?url=siI3dAtIv4IhVVSLpniFW3gmJzDcnEHraN6PRol5l53PzmYcwabmCqUuUq11E14k


What’s more 

http://v.youku.com/v_show/id_XOTE1

NTY1Njky.html 

http://v.youku.com/v_show/id_XMTM0MTYx

NjA1Mg==.html 

EVE: Valkyrie 

RIGS 

http://v.youku.com/v_show/id_XOTE1NTY1Njky.html
http://v.youku.com/v_show/id_XOTE1NTY1Njky.html
http://v.youku.com/v_show/id_XMTM0MTYxNjA1Mg==.html
http://v.youku.com/v_show/id_XMTM0MTYxNjA1Mg==.html


What’s more 

Super Reality交互方案还可以解决： 

在虚拟环境下使用键盘 

3D虚拟键盘 Oculus与用键盘 普通键盘 

http://img.hc360.com/laser/info/images/200810/200810240947236757.jpg


更待何时！ 

你， 

想不想开发出下一个愤怒小鸟？ 

用印象湃开发游戏 

现在就是你一鸣惊人的最佳时机！ 


