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ABSTRACT

Rendering multiple high-quality volumetric videos is still a chal-
lenge for today’s mobile devices. Remote rendering offloads com-
plex rendering operations to a powerful server and provides the final
result to the end device as a 2D video stream. A drawback of re-
mote rendering is the significant increase of interaction latency that
can degrade the user experience. We present a planar homography-
based approach that compensates minor changes of the user’s head
pose due to the interaction latency by warping the transmitted image
on the client-side, just before it is sent to the display. In detail, we
use the homography between the initial head pose when the image
is rendered at the server and the latest available head pose of the
user at the client. We perform controlled experiments using artifi-
cial camera traces to evaluate our approach. The results show that
the proposed approach reduces the rendering errors significantly in
terms of the mean-squared error between the rendered and reference
images, especially combined with initial head motion prediction.

Index Terms— volumetric video, remote rendering, low la-
tency, mixed reality, augmented reality

1. INTRODUCTION

Volumetric video enables a variety of upcoming applications in sev-
eral domains including cultural heritage [1, 2] and healthcare [3].
The geometry of volumetric objects is usually represented using
meshes or point clouds, while high-quality volumetric meshes typi-
cally contain thousands of polygons. Therefore, rendering multiple
complex volumetric videos is a demanding task for today’s mobile
devices [4].

A prominent solution is to offload the complex rendering to a
remote server that dynamically renders a 2D view from the volumet-
ric video based on user’s head pose [5]. The server then compresses
the rendered texture into a 2D video stream and transmits it over
a network to a client device. The client only needs to decode the
video stream, perform a minimum amount of rendering and display
it to the user. Thus, the amount of computing required on the client
side is significantly reduced. Also, this approach enables usage of
highly efficient video compression techniques, thereby reducing the
network bandwidth requirements [6].

However, a significant drawback of remote rendering is the in-
creased interaction (motion-to-photon) latency, which is mainly due
to the network round-trip time [7]. Latency often causes the virtual
objects to lag behind or swim around the intended position [8]. Sev-
eral studies show that an increased interaction latency may lead to a
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reduced perceptual stability of objects and task performance in VR
and AR environments [9, 10].

Head motion prediction approaches have been extensively stud-
ied in the 90s and 2000s in the context of predictive tracking to mit-
igate the dynamic registration errors of headset trackers [8, 11, 12]
and also to reduce the effective latency (lag) between head motion
and display response [12]. Tracking latency has largely been mit-
igated in the current generation of headsets. Mixed reality (MR)
headsets such as Microsoft HoloLens are typically equipped with
RGB cameras and inertial measurement units (IMU) that track the
head pose and location within the physical world with millimeter-
precision in a few milliseconds, using advanced simultaneous lo-
calization and mapping (SLAM) algorithms [13]. However, image
rendering and display still takes a fair amount of time; for exam-
ple, at 60 fps, it may take up to ∼16.66ms. Therefore, HoloLens
predicts where the user’s head will be when the image is shown
on the display. Additionally, in a final processing stage called late-
stage reprojection [14], HoloLens compensates the discrepancy be-
tween the predicted and actual head position by warping the ren-
dered image by a small amount. More generally, such compensa-
tion approaches, where a rendering algorithm is followed by fur-
ther processing steps to transform (”warp”) the initial output, are
known in computer graphics literature as post-rendering warping
(PRW) [15, 16].

In remote rendering-based systems, an additional network la-
tency has to be compensated in addition to the device latency, which
is already handled by the above-mentioned techniques. Different
prediction techniques such as autoregression models and Kalman fil-
ter have already been considered in the context of volumetric video
streaming [17, 18]. However, previous theoretical analysis of head
motion prediction shows that prediction errors grow rapidly with in-
creasing prediction intervals and input signal frequencies [19]. Fur-
thermore, although the previous approaches demonstrated a decrease
in average tracking error, the authors reported a significant judder in
the resulting images due to frequent mispredictions that occur with
high spatial variance [18]. Therefore, adoption of PRW techniques
is necessary for providing an accurate rendering result in remote ren-
dering while performing latency compensation.

In our work, we propose a planar homography-based approach
that warps the rendered (predicted) image according to the latest
pose acquired on the client device (Sec. 2). The proposed approach
is evaluated using artificial camera traces generated in Blender
(Sec. 3.1) using a framework that simulates remote rendering-based
volumetric video streaming (Sec. 3.2). Results are presented and
discussed in Sec. 3.3 that provides an analysis of the proposed
approach both with and without initial motion prediction.



(a) Positional error (Euclidean distance). (b) Angular error (spherical distance).

Fig. 1: Average prediction errors for both camera paths for different camera velocity and noise over different prediction intervals.

2. HOMOGRAPHY-BASED IMAGE WARPING

The projective geometry between two views is defined by the epipo-
lar geometry which is independent of the scene structure and only
depends on the cameras’ internal parameters and relative poses. In a
more specific case, images of the points on a world plane are related
to the corresponding image points in a second view by a (planar) ho-
mography. It is said that the plane induces a homography between
the two views which is uniquely determined by the plane. In other
words, the points are transferred from one view to the other using
the homography map [20].

The following two cases are equivalent for homography compu-
tation: 1) two cameras are present in the scene simultaneously view-
ing a plane in 3D space, 2) a single camera is present that changes
its position over time. Our simulated remote rendering framework
pertains to the latter. The first camera pose is the (predicted) head
pose of the user at the time of rendering a view from the volumet-
ric video at the remote server. The second camera pose is the latest
acquired pose (after network and processing delays) just before the
rendered image is sent to the display of the end device. We use the
displacement between the two camera poses to compute the homog-
raphy. Our assumption is that all objects in the scene lie on a plane,
i.e., we have planar objects; otherwise different camera views would
not be related to each other by a homography.

Assuming that our camera is calibrated, we can write the 3 × 4
camera matrices for any two camera poses as

P1 = K
[
R1 t1

]
, P2 = K

[
R2 t2

]
(1)

where K ∈ R3x3 is the camera intrinsics matrix, R1,R2 ∈ R3x3

are the rotation matrices and t1, t2 ∈ R3x1 are the translation vec-
tors corresponding to the first and second camera poses, respectively.
Considering two images of points p on a 2D plane P in 3D space,
the Euclidean homography matrix that transforms one 3D point from
one camera frame to the other can be written as [21]

H = R12 −
1

d
t12n

T (2)

where R12 = R2R
T
1 is the rotation, t12 = −R2R

T
1 t1 + t2 is

the translation between the two camera frames, n is the unit normal

vector of the plane P with respect to the first camera frame, and d is
the distance from the plane P to the optical center of the first camera.
Then, the projective homography matrix can be computed (up to a
scale factor) as [21]

G = γKHK−1. (3)

A perspective transformation1 can then be applied to a given source
image using G as the 3× 3 transformation matrix.

3. EXPERIMENTS

3.1. Artifical camera traces

Although it is possible to retrieve the recorded head pose data from
MR headsets such as HoloLens 2, it would be difficult to perform
controlled experiments with real user traces since we cannot pre-
cisely control the users’ motion paths, velocities and the amount of
noise (jitter) in their movements. Therefore, we prefer to use artifi-
cial camera traces generated using a virtual camera in Blender.

Two camera paths {p1, p2} are created where on p1, the camera
pans along the X axis, and on p2, it approaches towards the object,
along the Y axis2. For both paths, a user trace is generated by moving
the camera in all permutations of the three velocity levels {v1 <
v2 < v3} and three noise levels (camera shake) {n1 < n2 < n3}
(n1 means no camera shake), resulting in a total of 18 artificial user
traces.

The velocity levels {v1, v2, v3}, where v1 < v2 < v3, are ad-
justed by modifying the number of animation frames in Blender such
that the camera takes different amounts of time to move along the
same path. Table 1 shows the used number of animation frames as
well as the mean linear and angular speed measured from the gen-
erated traces. The speed values simulate movements ranging from
slow to fast considering that humans typically walk at a preferred
speed around 1.4m/s [22].

1In our implementation, we use the cv2.warpPerspective function
from OpenCV.

2Blender uses a right-handed coordinate system with Z axis pointing up-
wards.
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The noise levels {n1, n2, n3} are set by adding noise modifiers
to the camera’s trajectory and orientation in Blender. In detail, two
different noise modifiers are added to the camera position, i.e. the
camera’s location along the predefined trajectory, and the camera ro-
tation, i.e. the camera’s look-at direction. The parameters of the
noise modifiers strength, scale, and depth control the amplitude, dis-
persion/scale, and the amount of fine detail of the noise function,
respectively [23]. The parameters are set to different values to gen-
erate the set of noise levels {n1 < n2 < n3} (Table 2). The values
are adjusted by visual inspection to simulate realistic levels of cam-
era shake.

Table 1: Speed parameters for the artificial user traces generated in
Blender.

v1 v2 v3

# Animation frames 900 600 300
Mean linear speed [m/s] 0.75 1.13 2.27
Mean angular speed [deg/s] 4.99 7.49 14.98

Table 2: Noise parameters for the artificial user traces generated in
Blender. The values are given as triplets of (strength, scale, depth) of
the noise function controlled by the noise modifiers in Blender [23].

n1 n2 n3

Positional (0,0,0) (0.25, 50, 1.0) (1.0, 20, 1.0)
Rotational (0,0,0) (0.5, 50, 2.0) (2.0, 20, 1.0)

3.2. Simulation framework

After trace generation, predicted poses are obtained for the inter-
val {20, 40, . . . , 200}ms using a Kalman filter-based predictor pro-
posed in [18]. Two different volumetric video sequences (Josh and
Mitch) are imported3 into Blender as OBJ sequences. The volumetric
objects are placed onto a solid background color. There are no other
elements (other 2D/3D objects, background image etc.) present in
the scene.

At each time instant, the camera is moved to the predicted pose,
and an image IP is rendered and stored. For reference, an image IR
corresponding to the recorded pose is also rendered and stored. The
camera intrinsics matrix K can be directly obtained from Blender,
and the distance d between the object plane and the camera can be
calculated from the 3D scene, since the volumetric object is placed at
a pre-defined position. Finally, the homography between two camera
poses is computed using (3) and IP is warped to obtain the image
IW , which is stored for evaluation.

3.3. Results and discussion

In the following, we evaluate the performance of the Kalman filter-
based predictor on the artificial user traces and the homography-
based warping on the images rendered in Blender. As reference,
we define a baseline case where no prediction is performed, i.e. the
rendered image is outdated by a given interaction latency. For the
prediction case, we assume that the interaction latency is constant
and known, thus the prediction interval can be set equal to it.

3We use the Blender add-on: https://github.com/
neverhood311/Stop-motion-OBJ

Fig. 2: The used volumetric sequences: left: Josh, right: Mitch

3.3.1. Prediction performance

The predictor’s performance is evaluated for the different user traces
i.e. different (camera path, noise, velocity) triplets. As in [18], po-
sitional and angular errors are computed for each time point, and
the mean absolute error (MAE) is calculated over each user trace,
for different prediction intervals. Fig. 1 shows the MAE of the Eu-
clidean distance and spherical distance, respectively, between the
predicted and reference samples for each trace. As a benchmark, the
values for the baseline (no-prediction) case are also provided. We
observe that both positional and angular error become larger with
increasing prediction intervals (interaction latency, for the baseline
case). Also, increasing camera velocity and camera shake negatively
affect the prediction accuracy. Comparison of the predefined cam-
era paths show that both for the baseline and prediction cases, the
average error for p1 is higher than p2. Thus, we can conclude that
p1 (horizontal panning) is more challenging for the prediction algo-
rithm than p2 (camera approaching the object).

3.3.2. Evaluation of warping

In Fig. 3, we compare the MSE between the warped images (IW )
and reference images (IR) to the MSE between the predicted (IP )
and reference images (IR). We perform the same analysis for the
baseline too, where in that case IP ′ is the image rendered without
prediction and displayed at the client after a lag equal to the inter-
action latency. We observe the following: i) Longer prediction win-
dow results in higher MSE (as expected from the results in Fig. 1,
ii) Both higher camera velocity and higher camera shake result in
greater MSE. For the tested set of noise and velocity levels, noise
has a greater impact, iii) Without warping, predicted images have
a lower MSE than the baseline. Warping decreases MSE further in
both cases. First prediction, then warping provides the lowest MSE.
Inspecting the MSE differences between the two cases where warp-
ing is applied directly to the baseline (base-warped) and after an
initial prediction step (pred-warped), we observe that pred-warped
achieves similar MSE to base-warped at lower latency values. For
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Fig. 3: Comparison of MSE between the images rendered from
predicted head pose with and without homography-based warping
(shown for Josh and the camera path p1).

example, for the pair (n2, v2), the MSE values in both cases are
almost equal (198.45 at pw=80ms for base-warped, and 199.34 at
pw=200ms for pred-warped, respectively). This means that initial
prediction increases the affordable latency budget of the system (in
the example by 120ms), and thus can help providing a smooth user
experience at high-latency environments.

Next, we analyze the effect of camera path on the warping per-
formance. For this, we fix a single noise-velocity pair (n2, v2) and
analyze the performance for the two camera paths p1 and p2. The
results are shown in Table 3. We observe that the MSE after warp-
ing is slightly better for p2 both for baseline and prediction cases.
From this, we can conclude that dynamics of motion along p2 is less
challenging than p1, under the same velocity and noise conditions.

Table 3: MSE for different camera paths p1 and p2 for the noise-
velocity pair (n2, v2) and object Josh over different prediction win-
dows (pw).

pw Path Base Base-Warped Pred Pred-Warped

40 p1 611.08 96.12 189.57 34.22
p2 566.90 49.51 155.58 27.2

80 p1 1008.03 198.45 527.92 47.15
p2 996.36 89.13 455.56 40.15

120 p1 1277.67 299.93 890.13 73.39
p2 1298.32 132.14 840.29 62.84

160 p1 1485.73 402.61 1210.13 127.38
p2 1556.40 173.01 1218.06 99.05

200 p1 1637.09 499.30 1493.59 199.34
p2 1774.71 212.19 1603.89 155.08

Lastly, we analyze the effect of different and multiple objects on
the warping performance. For this, we fix a single trace (p1, n2, v2)
and analyze the different cases where either only a single object

(Josh or Mitch) is present, or two objects are co-located in the scene.
In the latter case, Mitch is placed slightly in front of Josh (closer
to the camera), such that Josh is only partially visible at the begin-
ning of the sequence and is gradually disoccluded as the camera pans
from left to right. The results are shown in Table 4. We observe that
there is little variation of MSE for the two different objects; this is
expected because the homography approach is independent of the
scene content. The small differences between the MSE results is
explained by the different number of object pixels and different dy-
namics of the video sequences. For the case of two objects, MSE is
significantly higher since there are more object pixels (relative to the
solid background) in the image than the single object case, increas-
ing the error probability.

Table 4: MSE for different object configurations with the trace
(p1, n2, v2), pw=100ms.

Base Base-Warped Pred Pred-Warped

Josh 1154.89 250.72 714.18 58.18
Mitch 1235.75 166.21 790.59 62.63
Both 2731.17 1100.81 1559.45 255.88

It is expected that warping can be problematic when a view con-
tains insufficient information, i.e. the new view looks into missing
regions. Warps of such images tend to create holes in the output
images as objects become disoccluded [15]. However, it is hard to
detect this issue in our videos, possibly because our scene solely
contains single volumetric objects and not a full image frame, e.g.
as in the case of 360-degree video streaming. On the other hand, we
observe problems in edge regions where the information for the new
view is not available and the pixels in the warped image have to be
simply duplicated. However, this problem can easily be solved by
warping an ”overscanned” version of the image, i.e. an image larger
than what will be displayed to the user, and cropping the redundant
parts after warping, as shown in Fig. 4.

Fig. 4: Effect of overscanning. The image without overscan (left)
has duplicated pixels at the top border. This is mitigated by rendering
a 25% larger area and cropping the image to the desired size after
prediction and warping (middle). The reference image is shown for
comparison (right).

4. CONCLUSION

Increased interaction latency is a significant problem for remote
rendering-based volumetric video streaming applications. Head mo-
tion prediction at the remote server is one of the potential solutions
proposed to mitigate the latency. However, although accurate predic-
tion may reduce the average error, it fails to provide a stable image
due to jitter/mispredictions, degrading the user experience especially
at higher prediction intervals as well as higher camera velocity and
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noise levels (camera shake). We propose a homography-based im-
age warping technique that uses the latest head pose on the client
side to mitigate the prediction errors and stabilize the video. Our
results show that the proposed technique can also be applied without
initial prediction, with minimal loss of rendering accuracy.
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