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Abstract—Immersive video offers the freedom to navigate
inside the virtualized environment. Instead of streaming the entire
bulky content, a viewport or field of view (FoV) adaptive stream-
ing is preferred. We often stream the high-quality content within
current viewport, but degraded-quality representation elsewhere,
so as to reduce the network bandwidth consumption. We then
could refine the quality when focusing to a new FoV. Therefore,
in this work, we have attempted to model the perceptual response
of the quality variations (through adapting the quantization and
spatial resolution) with respect to the refinement duration, and
reach at a product of two closed-form exponential functions that
well explain the joint quantization and resolution induced quality
impact. Analytical model is also cross-validated using another set
of data with both Pearson and Spearman’s rank rank correlations
over 0.98. Our work would be devised to guide the bandwidth-
quality optimized immersive video streaming.

Index Terms—Viewport (FoV) adaptation, Refinement dura-
tion, Quantization stepsize, Spatial resolution

I. INTRODUCTION

The vivid world projected on our human visual retina can

be represented using the immersive video which should have

the ultra high spatial resolution (i.e., gigapixel), panoramic

viewing range and flexible focus depth. For a typical 30 frames

per second (FPS) High-Definition (HD) video at 1920× 1080
(1080p) spatial resolution, Netflix suggests the 5 Mbps (≈150x

compression ratio using the well-known H.264/AVC) connec-

tion speed for the broadcasting quality. Let us assume the

immersive video at 32K×16K spatial resolution (to cover

the panoramic sphere scene), 120 FPS, and 25 different

focus depths, it requires more than 10 Gbps stably from the

underlying network to sustain the high quality delivery for

a single connection. This is indeed unbearable, even for the

emerging 5G communication networks. Besides, immersive

video also demands an ultra-low latency for interaction. Often

times, interaction incurs the motion and scene change in our

current FoV, resulting in a significant volume of data exchange

in a short time period. This again imposes quite stringent

requirements for the underlying wireless connections.

Leveraging the characteristics of the human visual system,

we could apply the viewport or FoV streaming instead of

delivering the entire bulky immersive video at once [1]. As

aforementioned, user often navigate inside the virtualized

environment, resulting in the FoV movement from time to

time. To avoid sudden data transmission impulse, we often set

the content within current FoV at the highest quality (and the

largest bit rate) but lower quality (less bit rate) elsewhere [2]–
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Fig. 1. Illustration of Sample Images for Immersive Videos

[5]. This allows the user to immediately perceive the scene

when adapting his/her FoV.

Since we apply the unequal quality for different content

blocks (e.g., inside and outside of current FoV), it typically

involves the quality refinement from the lower quality version

to the higher one when navigating the focus to a new FoV.

It ideally demands the seamless adaptation without perceiving

the quality variation. This intuitively depends on the quality

gap (i.e., how much the difference is between low quality and

corresponding high quality copies for the same content) and

the refinement duration (i.e., how fast the refinement lasts).

Therefore, in this paper, we have attempted to quantify the

perceptual impact (using the mean opinion score - MOS) of

the quality difference with respect to the refinement duration τ .

Here, the quality of the compressed image/video content block

is usually controlled by the associated quantization stepsize q
(or equivalent quantization parameter QP, q = 2

QP−4
6 [6]) and

spatial resolution s, independently and jointly [7], [8]. For

simplicity, q (or s) induced quality variation is referred to as

the q-impact (or s-impact).

More specifically, the overall perceptual response can be

modeled using a product of two exponential functions that

explains the q or s impact with respect to the τ , respectively.

Model parameters are q and s dependent. Another set of data

is chosen to validate the accuracy of the proposed model, and

the results have shown that both the Pearson correlation and

Spearman’s rank correlation are close to 0.98.
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Fig. 2. Illustration of Viewport Adaptation in Immersive Video

The rest of this paper proceeds as follows: In section II, we

explain the details of how to measure the perceptual impact of

immersive videos when adapting the user‘s FoV, and propose

the analytical models to quantify the q and s with respect to

τ , as well as the independent model cross-validation. Finally,

we draw a conclusion in Section III of this paper.

II. PERCEPTUAL MODELING OF THE VIEWPORT

ADAPTATION FOR IMMERSIVE VIDEO

In this section, we investigate the perceptual impacts of the

viewport adaptation for immersive video. More specifically,

we evaluate the subjective opinions with various quality gaps

(i.e., through different q and s) and refinement durations (τs),

and develop an analytical model to well address the perceptual

response. Towards this goal, we first perform the subjective

quality assessment to collect the MOSs.

A. Subjective Experimental Setup

We choose nine immersive videos, as shown in Fig. 1,

where five of them are 360◦ test sequences from the common

test dataset selected by the international standard organization

MPEG JVET (marked with star), and the rest four are popular

YouTube 360◦ videos. These experimental videos are chosen

to cover different use cases and a wide range of spatio-

temporal activities. In the meantime, we also ensure that

the videos contain sufficient saliency regions [9], each of

which could possibly belong to a distinct FoV. Usually, user‘s

viewport adapts among these salient FoVs [10].

In our experiment, each test sequence consists of three

consecutive parts, i.e., the first FoV viewing period, viewport

adaptation period and the second FoV viewing period, as

shown in Fig. 2. Users start at the first FoV, then navigate and

focus their attention to the second FoV. Quality refinement

happens when we stabilize our focus in the second FoV.

Herein, the first segment when viewing the second FoV is

a few seconds lengthy content encoded at lower quality,

followed by the high quality one after refinement. We set

six distinct refinement durations (τ=0.1, 0.3, 0.7, 1.5, 2, 5
second or s). Meanwhile, we apply five different quantization

parameters (QP, or equivalent quantization stepsize q) (i.e.,

22, 27, 32, 37, 42) and three spatial resolutions (i.e., native,

1/4 and 1/16) [7], [8], [11], [12] to produce sufficient quality

scales. Note that we keep the frame rate unchanged in this

work. The total length of the test sequence is 10 seconds as

recommended by the ITU-T BT. 500 [13].

Intuitively, the perceptual response introduced by the quality

variations where both s and q are applied is inseparable [7],

[12]. However, in order to simplify the model complexity, we

still assume the separable response of the s-impact and q-

impact on the perceptual quality with respect to the refinement

duration in this work. Hence, we collect the MOSs for various

q and s independently, resulting in 24 and 12 ten-second-

long processed test sequence (PVS) for each test video. For

either q or s-impact, all PVSs are placed randomly for every

test video. In the meantime, each subject is asked to rate

all PVSs corresponding to a sub-group of the test videos

(i.e., three videos for considering the q artifacts and six for

s). We manually enforce that every subgroup selected for

subjective assessment covers the sufficient spatio-temporal

activities. Participants are asked to give their MOS (i.e., from

1 to 5) when finishing each ten-second-long PVS clip, within

3 seconds. Users rest another 20 seconds when completing

all PVSs for the same video content and moving to the next

one. During our experiment, each subject will complete his/her

assessments within 30-minutes without feeling dizziness and

tiredness.

Among these test sequences, we select “KiteFlite” to train

the participants to make them familiar with the test protocol

and have a correct sensation of the quality variations. The

rest eight videos are used for perceptual tests. All videos

are rendered using the HTC vive system with its HMD

(Head Mounted Display), whose FoV depends on users’ head

position. The rating MOS score ranged from 1 (Bad) to

5 (Excellent) is utilized. The human subjects were naive

students, from widely diverse academic majors. All of the

viewers were tested and found to have normal visual (after

correction) and color perception.

We firstly follow the similar screening method and normal-

ization scheme described in [14] to process the raw scores.

And we then make use of the fact that a PVS coded at a

higher q (or/and a lower s) would not have a higher rating

than the one coded at a lower q (or/and a higher s) under

the same τ , and the rating can be higher while τ is shorter

under the same coding parameters, if the viewer’s judgement

is consistent. Thus, we analyze the ratings from each viewer,

and remove all the ratings of a very subject whose ratings

contain more than 1/8 inconsistent outcomes for the same test

video. For the remaining outliers, we replace them with the

average value of those consistent ratings for adjacent q (or/and

s) and τ . The MOS score for a particular PVS is derived by

averaging the common scores after all the steps.

B. Analytical Models

We plot the normalized quality of q-impact with respect

to the refinement duration τ (NQQ) in Fig. 3 (i.e., discrete

points), and so as the normalized quality of s-impact (NQS)
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Fig. 3. Normalized quality of q-impact (NQQ) with respect to the refinement
duration: points are collected MOSs and curves are fitted using the analytical
model (1).

in Fig. 4. Here we assume the high quality content is prepared

at native spatial resolution and QP 22. In theory, both the

NQQ and NQS should be 1 (i.e., with highest MOS Q =

Qmax) if the quality refinement duration τ is zero (i.e., does

not take time to refine the quality from the lower version to

the higher one). But the MOS decreases when τ increases,

particularly when the quality difference is larger before and

after refinement. Therefore, we propose to use the exponential

function to describe the NQQ and NQS in terms of the τ , i.e.,

Q̂ = Q/Qmax = a · e−b·τ + c, (1)

where a, b, and c are model parameters. Since Q = Qmax

when τ = 0, we have c = 1 − a. We then derive a and b
through the least-squared fitting and plot the model curves in

Fig. 3 and 4. Results have shown that Eq. (1) could describe

the trend of NQQ and NQS very well with very small root

mean squared error (RMSE) e.
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Fig. 4. Normalized quality of s-impact (NQS) with respect to the refinement
duration: points are collected MOSs and curves are fitted using the analytical
model (1).

1) Parameter Prediction: It is shown that parameters a
and b are q and s dependent. Since we model the perceptual

response by adapting the quality through the q and s against

the qmin and smax respectively, we then develop the a and b
with respect to the normalized q and s, i.e., q̂ = qmin/q, and

ŝ = s/smax. Here, qmin = 8 (at corresponding QP 22) and

smax is the native spatial resolution of the selected immersive

videos which may be sampled at 3840×1920, 3840×2048, or

3840×2160 in different dataset.

We then plot a and b with respect to the q̂ and ŝ respectively

in Fig. 5. We have found that Butterworth functions could

explain the a(q̂) and b(q̂), while exponential functions for a(ŝ)
and b(ŝ), all with fixed parameters, i.e.,

a(q̂) =
0.8

1 + 39.55 · q̂2.73 , b(q̂) =
1.45

1 + 47.14 · q̂3.29 , (2)

a(ŝ) = 0.8× e−4.65·ŝ, b(ŝ) = 4.53× e−0.3·ŝ − 3.37. (3)
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ŝ

b(ŝ)
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2) The Overall Analytical Model: Following the aforemen-

tioned derivation, we could finally reach at

Q = Qmax · Q̂NQQ · Q̂NQS, (4)

Q̂NQQ = a(q̂) · e−b(q̂)·τ + (1− a(q̂)), (5)

Q̂NQS = a(ŝ) · e−b(ŝ)·τ + (1− a(ŝ)). (6)

3) Model Cross-Validation: To ensure our model (4) is gen-

erally applicable, we invite another 47 subjects to participate

the cross-validation assessment. Each participant assesses all

PVSs associated with one or two videos. Another two YouTube

360◦ videos and two VRU (Virtual Reality Unity organization

in China) test sequences, as shown in Fig. 6, are chosen to

produce the PVSs for validation. All PVSs are prepared with

another two spatial resolutions and another four QPs jointly,

resulting in 2×4×6 = 48 test samples for each video content.

Note that this is different from the aforementioned PVSs in

Section II-A where either s or q is fixed when adapting another

factor. We directly evaluate the joint impacts of the q and s
on the perceptual quality with respect to the τ to validate the

accuracy of the (4). As presented in Fig. 7, we have found

that model (4) could predict the actual MOS very well (i.e.,

with both Pearson correlation (PCC) [15] and Spearman’s rank

correlation (SRCC) [12] coefficients close to 0.98), even with

all fixed parameters.

(a) Elephants2 (b) Street2

(c) Hangpai2 (d) Hangpai3

Fig. 6. Different Immersive Videos Used for Cross Validation
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Fig. 7. Illustration of the model accuracy: Collected MOS are from the
subjective assessments and Predicted MOS are derived using model (4).

III. CONCLUDING REMARKS

In this paper, we investigated the perceptual response of the

quality variations when performing the refinement within a

period of time τ . Usually, quality variation is determined by

adapting the quantization and spatial resolution. Therefore, the

overall model was represented by a product of two exponential

functions where each of them detailed the quantization and

spatial resolution impact on the perceptual quality, respec-

tively. We finally reached at a closed-form model, producing

very accurate quality estimation, even with all parameters

fixed. We then randomly selected anther set of data to perform

the model cross-validation, where results had demonstrated the

high accuracy of our model with both Pearson and Spearman’s

rank correlations close to 0.98 for all test videos.

As the future work, we will focus on the FoV adaptation

prediction and apply the proposed model in practical immer-

sive streaming system to further evaluate the efficiency of our

proposed model. We also would like to make our data public

accessible at http://vision.nju.edu.cn/immersive video.
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