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• Pair of cameras mounted on a common rigid body, which 
provide depth (or 3D point cloud). 

• Simulate human binocular vision. 
• In contrast to lidar, it is a passive sensor.
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

• estimates 2D-2D correspondences among all pixels 
Stereo algorithm 
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

• estimates 2D-2D correspondences among all pixels 
Stereo algorithm 

• for each 2D-2D correspondence cast two rays

ray
ray

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

• estimates 2D-2D correspondences among all pixels 
Stereo algorithm 

• for each 2D-2D correspondence cast two rays

ray
ray

• compute their intersection => 3D point

3D point
q

<latexit sha1_base64="XpEbFTjq/rCTXcq4y9M0zYObDDU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2AdMh5JJM21oJhmTjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRQPZprQIMYjwSJGsLGS34+xGYdR9jirDKo1t+7OgVaJV5AaFGgNql/9oSRpTIUhHGvte25iggwrwwins0o/1TTBZIJH1LdU4JjqIJtHnqEzqwxRJJV9wqC5+nsjw7HW0zi0k3lEvezl4n+en5roOsiYSFJDBVl8FKUcGYny+9GQKUoMn1qCiWI2KyJjrDAxtqW8BG/55FXSuah7jfrlfaPWvCnqKMMJnMI5eHAFTbiDFrSBgIRneIU3xzgvzrvzsRgtOcXOMfyB8/kDLZKRMQ==</latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>



Stereo

6

\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

ray
ray

3D point

�u1 = K[E 0]| {z }
P

q

<latexit sha1_base64="ezkMuOHoFEA+ofq9DYssUkBWeYc="></latexit>

q

<latexit sha1_base64="XpEbFTjq/rCTXcq4y9M0zYObDDU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2AdMh5JJM21oJhmTjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRQPZprQIMYjwSJGsLGS34+xGYdR9jirDKo1t+7OgVaJV5AaFGgNql/9oSRpTIUhHGvte25iggwrwwins0o/1TTBZIJH1LdU4JjqIJtHnqEzqwxRJJV9wqC5+nsjw7HW0zi0k3lEvezl4n+en5roOsiYSFJDBVl8FKUcGYny+9GQKUoMn1qCiWI2KyJjrDAxtqW8BG/55FXSuah7jfrlfaPWvCnqKMMJnMI5eHAFTbiDFrSBgIRneIU3xzgvzrvzsRgtOcXOMfyB8/kDLZKRMQ==</latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

ray
ray

3D point

�u1 = K[E 0]| {z }
P

q

<latexit sha1_base64="ezkMuOHoFEA+ofq9DYssUkBWeYc="></latexit>

q

<latexit sha1_base64="XpEbFTjq/rCTXcq4y9M0zYObDDU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2AdMh5JJM21oJhmTjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRQPZprQIMYjwSJGsLGS34+xGYdR9jirDKo1t+7OgVaJV5AaFGgNql/9oSRpTIUhHGvte25iggwrwwins0o/1TTBZIJH1LdU4JjqIJtHnqEzqwxRJJV9wqC5+nsjw7HW0zi0k3lEvezl4n+en5roOsiYSFJDBVl8FKUcGYny+9GQKUoMn1qCiWI2KyJjrDAxtqW8BG/55FXSuah7jfrlfaPWvCnqKMMJnMI5eHAFTbiDFrSBgIRneIU3xzgvzrvzsRgtOcXOMfyB8/kDLZKRMQ==</latexit>

�u2 = K[R t]| {z }
S

q

<latexit sha1_base64="YOJFqeEBvTjrCKP6cYfj88uEfbc="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

ray
ray

3D point

�u1 = K[E 0]| {z }
P

q

<latexit sha1_base64="ezkMuOHoFEA+ofq9DYssUkBWeYc="></latexit>

q

<latexit sha1_base64="XpEbFTjq/rCTXcq4y9M0zYObDDU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2AdMh5JJM21oJhmTjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRQPZprQIMYjwSJGsLGS34+xGYdR9jirDKo1t+7OgVaJV5AaFGgNql/9oSRpTIUhHGvte25iggwrwwins0o/1TTBZIJH1LdU4JjqIJtHnqEzqwxRJJV9wqC5+nsjw7HW0zi0k3lEvezl4n+en5roOsiYSFJDBVl8FKUcGYny+9GQKUoMn1qCiWI2KyJjrDAxtqW8BG/55FXSuah7jfrlfaPWvCnqKMMJnMI5eHAFTbiDFrSBgIRneIU3xzgvzrvzsRgtOcXOMfyB8/kDLZKRMQ==</latexit>

unknowns

�u2 = K[R t]| {z }
S

q

<latexit sha1_base64="YOJFqeEBvTjrCKP6cYfj88uEfbc="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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�u1 = K[E 0]| {z }
P

q

<latexit sha1_base64="ezkMuOHoFEA+ofq9DYssUkBWeYc="></latexit>

unknowns
�u1x = p>

1 q

�u1y = p>
2 q

� = p>
3 q

<latexit sha1_base64="Ry6CsjG+ancLaVM4tyW8mqdYS8o="></latexit>

�u2 = K[R t]| {z }
S

q

<latexit sha1_base64="YOJFqeEBvTjrCKP6cYfj88uEfbc="></latexit>

s>3 qu2x = s>1 q

s>3 qu2y = s>2 q

<latexit sha1_base64="uq48kUTQYpYOmITjKnCo76zYyRM="></latexit>

p>
3 qu1x = p>

1 q

p>
3 qu1y = p>

2 q

<latexit sha1_base64="GPfbm/VTeBIeoo1+MNVnwoSdogE="></latexit>

get rid of �, �

<latexit sha1_base64="lHIWFzwEeBZGZGvxa65vXgxqw7A="></latexit>

rewrite to matrix form2

664

p>
1 � p>

3 u1x

p>
2 � p>

3 u1y

s>1 � s>3 u2x

s>2 � s>3 u2y

3

775

| {z }
A[4⇥4]

q = 0

<latexit sha1_base64="zV2vhKNVycNLbkeJp2QcHaxzldY="></latexit>

unknown

�u2x = s>1 q

�u2y = s>2 q

� = s>3 q

<latexit sha1_base64="YjPypMQJqDofmIzvzHgzkiqNB24="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

• estimates 2D-2D correspondences among all pixels 
Stereo algorithm 

• for each 2D-2D correspondence cast two rays

ray
ray

• compute their intersection => 3D point

3D point
q

<latexit sha1_base64="XpEbFTjq/rCTXcq4y9M0zYObDDU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2AdMh5JJM21oJhmTjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRQPZprQIMYjwSJGsLGS34+xGYdR9jirDKo1t+7OgVaJV5AaFGgNql/9oSRpTIUhHGvte25iggwrwwins0o/1TTBZIJH1LdU4JjqIJtHnqEzqwxRJJV9wqC5+nsjw7HW0zi0k3lEvezl4n+en5roOsiYSFJDBVl8FKUcGYny+9GQKUoMn1qCiWI2KyJjrDAxtqW8BG/55FXSuah7jfrlfaPWvCnqKMMJnMI5eHAFTbiDFrSBgIRneIU3xzgvzrvzsRgtOcXOMfyB8/kDLZKRMQ==</latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

Given pixel      in \camera_1, where does the corresponding  
pixel       lie in \camera_2?

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

\camera_2
u2

<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

world

ray

Given pixel      in \camera_1, where does the corresponding  
pixel       lie in \camera_2?

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

world

Corresponding pixel lies on the epipolar line  
(i.e. projection of the ray from camera_1 to \camera_2)

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

\camera_2

epipolar line
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

world

E = {u2 2 R2 | u>
2 K�>

Ez }| {
(R⇥ t)K�1

| {z }
F

u1 = 0}

<latexit sha1_base64="oBT0LAr9fI9VeZP2KzdoHv9XADQ="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

\camera_2

epipolar line
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u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

epipolar line
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u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

epipolar line
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u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

epipolar line
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u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

epipolar line

I(x) =
<latexit sha1_base64="EOo5uiHLGmLyFT2MdzMDobaVKIs="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

J(e+ x) =
<latexit sha1_base64="hDMrsYSBxj//JA9ymO4krfPZmRc="></latexit>

e 2 E
<latexit sha1_base64="4O8i2EO4QTVWURTtSdXDY79PgDM="></latexit>
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u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

epipolar line

I(x) =
<latexit sha1_base64="EOo5uiHLGmLyFT2MdzMDobaVKIs="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

J(e+ x) =
<latexit sha1_base64="hDMrsYSBxj//JA9ymO4krfPZmRc="></latexit>

e 2 E
<latexit sha1_base64="4O8i2EO4QTVWURTtSdXDY79PgDM="></latexit>

X

x2W

⇣
J(e+ x)� I(x)

⌘2

<latexit sha1_base64="5HX+Mw/MdGQQiIJ5Rp1ZLNgLu6E="></latexit>

Similarity function:
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I(x) =
<latexit sha1_base64="EOo5uiHLGmLyFT2MdzMDobaVKIs="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

J(e+ x) =
<latexit sha1_base64="hDMrsYSBxj//JA9ymO4krfPZmRc="></latexit>

e 2 E
<latexit sha1_base64="4O8i2EO4QTVWURTtSdXDY79PgDM="></latexit>

X

x2W

⇣
J(e+ x)� I(x)

⌘2

<latexit sha1_base64="5HX+Mw/MdGQQiIJ5Rp1ZLNgLu6E="></latexit>

Similarity function:

greedy solution
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I(x) =
<latexit sha1_base64="EOo5uiHLGmLyFT2MdzMDobaVKIs="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

J(e+ x) =
<latexit sha1_base64="hDMrsYSBxj//JA9ymO4krfPZmRc="></latexit>

e 2 E
<latexit sha1_base64="4O8i2EO4QTVWURTtSdXDY79PgDM="></latexit>

X

x2W

⇣
J(e+ x)� I(x)

⌘2

<latexit sha1_base64="5HX+Mw/MdGQQiIJ5Rp1ZLNgLu6E="></latexit>

Similarity function:

greedy solution line smoothness
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I(x) =
<latexit sha1_base64="EOo5uiHLGmLyFT2MdzMDobaVKIs="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

x 2 W
<latexit sha1_base64="XLDHsIr/2e1ShF1ew6LILB+Qfz8="></latexit>

J(e+ x) =
<latexit sha1_base64="hDMrsYSBxj//JA9ymO4krfPZmRc="></latexit>

e 2 E
<latexit sha1_base64="4O8i2EO4QTVWURTtSdXDY79PgDM="></latexit>

X

x2W

⇣
J(e+ x)� I(x)

⌘2

<latexit sha1_base64="5HX+Mw/MdGQQiIJ5Rp1ZLNgLu6E="></latexit>

Similarity function:

greedy solution line smoothness
neighbourhood 

 smoothness
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\camera_1

u1
<latexit sha1_base64="p+XQ8TxyhTyaACDvliK4AfCKV8I="></latexit>

world

https://www.robots.ox.ac.uk/~vgg/hzbook/

E = {u2 2 R2 | u>
2 K�>

Ez }| {
(R⇥ t)K�1

| {z }
F

u1 = 0}

<latexit sha1_base64="oBT0LAr9fI9VeZP2KzdoHv9XADQ="></latexit>

u2
<latexit sha1_base64="aUNJw0qjgqpbC0MT3dvFUZY8vH8="></latexit>

\camera_2

epipolar line

https://www.robots.ox.ac.uk/~vgg/hzbook/
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• Passive depth sensor created from pair of cameras. 
• Inaccurate on long distance (due to limited resolution). 
• Works well on textured, not reflective, smooth surfaces. 
• Computationally demanding optimisation. 
• Some OpenCV implementation:

stereo = cv2.createStereoBM(numDisparities=16, 
blockSize=15)
depth = stereo.compute(imgL,imgR)

https://docs.opencv.org/3.1.0/d3/d14/
tutorial_ximgproc_disparity_filtering.html#gsc.tab=0

https://opencv-python-tutroals.readthedocs.io/en/latest/
py_tutorials/py_calib3d/py_depthmap/py_depthmap.html



Stereo: summary
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Kinect
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• Stereo looks at the same object two-times and estimate its 
depth from two RGB images.

• Kinect avoid ambiguity by actively projecting a unique IR 
pattern on the object and search for its known appearance 
in the IR camera.



Kinect

27

• Correspondence between projected patch and observed 
patch lies on the epipolar line. 



Summary: Kinect
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• Active depth sensor consisting of IR camera and projector. 
• Does not work outdoor due to strong illumination. 
• Inaccurate on long distances. 
• It does not require well textured surface. 
• Cheap and fast solution for indoor robotics.



RealSense
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IR projector

Right IR camera Left IR camera

RGB camera

• Indoor: IR projector avoid ambiguities by projecting 
unique IR pattern. It works like stereo enhanced by 
IR pattern pattern. 

• Outdoor: It is normal stereo



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

Lidar with independent steering of depth-measuring rays

S3 principle

Transmitted through 
Optical Phased Array

Emitted laser beams

Controlling optical properties of 
OPA elements, allows to steer 
laser beams in desired directions
Reflected laser beams are 
captured by SPAD array

Images of S3 Lidar redistributed with permission of Quanergy Systems (http://quanergy.com)

Solid-state lidar

30

http://quanergy.com


Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics
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ICCV 2017 Submission #1812. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

All maps used axis-aligned voxels of edge size 0.2m.
For generating the sparse measurements, we consider an

SSL sensor with the horizontal field of view of 120 deg
and vertical 90 deg. The possible rays to choose from
are obtained by discretizing the sensor field of view in
160 ⇥ 120 = 19200 directions. At each position, we se-
lect K = 200 rays and ray-trace in these directions until
an occupied voxel is hit or the maximum distance of 100m
(which corresponds to 500 voxels) is reached. Only the rays
which end up hitting an occupied voxel contribute to the
measurements. Local maps xl and yl contain volume of
64m⇥64m⇥6.4m discretized into 320⇥320⇥32 voxels.

6.2. Active Mapping

In this experiment, we used 17 and 3 sequences from
the Residential category for training and validation, respec-
tively, and 13 sequences from the City category for testing.
Following the alternating procedure of learning and plan-
ning as described above (see Sec. 3–5), we learned mapping
networks h0, h1, . . . , ht using batch size 1 and momentum
0.99. The learning rate always started at ↵ = 10�3. Train-
ing the initial network h0 took 200000 iterations and twice
decreasing the learning rate, to 10�4 after 100000 itera-
tions and 10�5 after 150000 iterations. Training the succes-
sive networks ht took 100000 iterations (approximately one
day) with exponentially decreasing learning rate to ⇡ 10�5.
We have observed that the net ht achieve best results al-
ready after 3 or 4 planning-training iterations.

As can be seen from the ROC curves in Fig. 4, the perfor-
mance after 4 planning-training iterations overcomes net-
work without planning. When we have evaluate network
h0 with planning for new input, ROC curve was almost in-
distinguishable from the one generated by h0 with random
rays.

Input of the network xl contains around 2.5% of known
voxels the rest of the voxels are estimated by the CNN. ROC
curves in this section are computed using global confidence
map ŷ and ground truth map y. An examples from recon-
structions are shown in Fig. 5.

6.3. Comparison to a Recurrent Image-based Ar-

chitecture

We provide a comparison with the image-based recon-
struction method of Choy et al. [3], namely the residual
network with Gated Recurrent Units (GRU) units, Res3D-
GRU-3, which we modified to use sparse depth maps of size
160⇥120 instead of RGB images, with K = 200 randomly
selected depth-measuring directions.5 The sensor pose cor-
responding to the the last received depth map was used as
the canonical object pose for reconstruction. The number
of views were fixed to 5 both in training and testing. In this

5Some of these typically did not yield valid measurement.
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Figure 4. Recall to false-positive rate on test data for network
h0 (Random) and h4 (Coupled) . False positives which can be
attributed to discretization error (in 1-voxel distance to occupied
voxels) do not count.

Figure 5. Two examples of global map reconstruction. The black
line denotes trajectory of the car. Top row: The measurement
maps x. Middle: Reconstructed and thresholded maps ŷ. Bot-
tom: Ground-truth maps y.

particular experiment, we used 20 sequences from the Resi-
dential category—18 for training, 1 for validation and 1 for
testing. For comparison we had to limit the batch size to 1
and the size of the outputs to 128 ⇥ 128 ⇥ 32. This corre-
sponds to 16 ⇥ 16 ⇥ 4 GRU units. Our mapping network
was trained and tested on the same training data but using
voxel maps instead of depth images.

A performance comparison in form of ROC curves is
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