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Abstract: Virtual Reality (VR) and Free-Viewpoint Television (FTV) systems rely on accurate depth maps for high-

quality virtual view synthesis. However, standard depth estimation methods often suffer from temporal 

inconsistencies, particularly around moving objects, leading to flickering and visual artifacts. This paper 

proposes a novel, three-step process to enhance the consistency of depth maps. The approach involves 

extracting a static background using temporal median filtering, followed by AI-driven segmentation and 

tracking of moving objects using Detectron2, and finally, fusing independently estimated depth layers. An 

experimental evaluation of Common Test Conditions (CTC) for MPEG Immersive Video (MIV) sequences 

demonstrates that the proposed method significantly improves temporal stability and visual quality. While 

objective quality gains (IV-PSNR) are modest, the method achieves substantial coding efficiency 

improvements, with BD-rate savings of up to 15.6% compared to the anchor. Notably, the superior quality of 

the generated depth maps led to their adoption by the ISO/IEC MPEG group as the new reference for the 

Fencing sequence. 

1. INTRODUCTION 

Free-Viewpoint Television (FTV) (Tanimoto, 

2012) and immersive video systems allow users to 

freely navigate within a three-dimensional scene 

captured by multiple cameras (grey cameras in Figure 

1). Virtual navigation relies on depth maps and 

camera parameters to reconstruct intermediate 

viewpoints and synthesize virtual views (orange 

camera in Figure 1), (Stankowski and Dziembowski, 

2022), (Yang et al., 2011). Depth maps are essential 

for accurate 3D reconstruction and providing a fully 

immersive navigation experience. 

 
Figure 1: Idea of an immersive video system. 
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Depth estimation based on inter-view matching 

often introduces errors, such as artifacts or stretching 

around moving objects (Stankiewicz et al., 2013), 

(Mieloch et al., 2022). These inconsistencies result in 

temporal flickering and deformations in synthesized 

views, particularly affecting dynamic elements, as 

illustrated in Figure 2. 

  
Figure 2: Typical depth artifacts on dynamic objects. 

        

Additionally, compression of depth maps for 

natural scenes can produce blocking artifacts or 

blurring near object boundaries. Real-time immersive 

systems further face computational and bandwidth 

limitations, making efficient and accurate depth 

estimation essential for high-quality virtual view 

synthesis. 



   

 

   

 

Recent foundation models like Depth Anything 

v2 (Yang et al., 2024) offer impressive zero-shot 

depth estimation and high boundary precision. 

However, these general-purpose frameworks 

prioritize per-pixel accuracy over temporal 

redundancy removal, which is critical for high-

efficiency video coding. Therefore, their use can be 

not very efficient in systems which assume that video 

data will be compressed. 

There are methods increasing spatial and temporal 

consistency of depth maps described in literature, for 

instance works based on input views denoising 

(Stankiewicz et al., 2015), modifications of the 

GraphCut algorithm (Mieloch and Grzelka, 2018), or 

depth voting strategies (Mieloch et al., 2021). While 

these methods provoide noticeable consistency 

improvements, they do not resolve all the problems, 

particularly for highly dynamic scenes, with fast-

moving objects and frequent occlusions. 

Since the solutions described above did not 

address all the issues with the temporal consistency 

of depth maps, the authors proposed a three-step 

depth map estimation method consisting of: static 

background extraction, AI-based moving object 

segmentation and tracking, and depth fusion. The 

proposed method is detailed in Section 2. Section 3 

describes the implementation process and the tools 

employed, Section 4 is dedicated to the experimental 

results, and Section 5 provides conclusions and 

directions for future work. 

2. PROPOSED AI-DRIVEN 

SEGMENTATION-BASED 

TECHNIQUE 

2.1 Static background extraction 

The first step of the proposed method utilizes the 
assumption that most objects in the scene remain 
relatively static or change position negligibly 
throughout the sequence. Although these elements 
can include objects both in any part of the scene (close 
to or far from camera), to simplify further 
considerations, we define these parts as a static 
background. 

The authors decided to determine the static 
background for a given video sequence by calculating 
the median of all frames over time. The median was 
chosen over the arithmetic mean due to its robustness 
against artifacts caused by slow-moving objects. The 
mathematical representation of this process for each 
pixel (x, y) is as follows: 

 
𝐵(𝑥, 𝑦) = median{𝐹1(𝑥, 𝑦), 𝐹2(𝑥, 𝑦), … , 𝐹𝑁(𝑥, 𝑦)} (1) 

 
where 𝐵(𝑥, 𝑦)  represents the resulting background 
pixel, 𝐹𝑖(𝑥, 𝑦)  denotes the pixel value in the i-th 
frame, and 𝑁  is the total number of frames in the 
video. An example of the resulting background is 
presented in Figure 3. 

 

Figure 3: Still background calculation by median over 

time. 
 
The static background extraction process is 

repeated for each view of the sequence. Subsequently, 
depth estimation is performed on the extracted 
background frames, as illustrated in Figure 4. 

 
 

Figure 4: Background frame depth estimation. 

 
During the calculation of the median over time, 

some cases can occur in which moving objects 
changed their position so slightly that the resulting 
background frame contained pixels belonging to the 
moving object. Consequently, depth artifacts can 
appear in the background frame (areas where the 
calculated depth was not accurate). To address this 
issue, a modification was introduced to the depth map 
estimation software. After calculating background 
depth, the whole frame is analyzed; if the algorithm 
detects elements with depth values significantly 
higher than their surroundings, they are identified as 
remnants of foreground objects. Subsequently, an 
inpainting operation is performed, assigning these 
mismatched areas depth values consistent with the 
surrounding background, as shown in Figure 5. 



   

 

   

 

Following this modification, an effective removal 
of moving objects and noise was achieved, resulting 
in a single clean background frame. 

Figure 5: Depth inpainting. 

 
The primary advantage of the static background 

estimation stage is that depth estimation is performed 
only once for the static elements of the given video. 
As a result, there is no noise in the static parts of the 
scene. This approach guarantees temporal 
consistency for said static parts. 

2.2 AI-based moving objects 

tracking and segmentation 

The second step of the proposed method involves 

AI-based tracking and segmentation of moving 

objects. The software implemented by the authors 

utilizes Detectron2 (Merz et al., 2023) (incorporating 

the PointRend module) for high-precision instance 

segmentation of each video frame. During 

implementation, a significant challenge arose: 

Detectron2 processes frames independently, resulting 

in a lack of temporal consistency in object IDs. The 

solution required adding the following elements: 

• Geometric matching: use of the Jaccard index 

(intersection over union) to match object masks 

between consecutive frames. 

• Identity verification: calculation of color 

difference coefficients to confirm object identity 

across frames.  

• Motion classification: a decision logic that 

classifies an object as ‘moving’ based on 

established thresholds for color and position 

changes over time. Static objects are discarded 

from this path and treated as part of the 

background. Background areas are then excluded 

from further processing in this stage. 

 

Figure 6 illustrates the output of the implemented 

software. After the segmentation stage is completed, 

the depth of the moving objects is estimated using the 

same depth estimation software and identical 

configuration parameters as those used for the 

background frame. An example of the resulting depth 

map is presented in Figure 7. 

 
Figure 6: Video sequence after segmentation. 

 

 
Figure 7: Depth map calculated for moving objects. 
 

The proposed approach offers significant 

advantages for the depth estimation process. By 

maintaining object consistency through inter-frame 

analysis and inter-view projection, the workload of 

the depth estimation software is substantially 

optimized compared to processing full, 

non-segmented frames. Furthermore, this 

independent processing of foreground and 

background layers effectively eliminates the common 

problem of depth artifacts occurring at the boundaries 

between moving objects and the static background, as 

the depth values for each component are calculated 

independently. 

2.3 Depth fusion 

The final stage of the proposed solution involves 
merging a single static background depth map with 
the sequence of dynamic objects depth map to 
produce the final, temporally consistent output. To 
generate the complete depth map, the authors 
implemented a compositing algorithm, where 
dynamic moving objects were superimposed onto the 
static background using a pixel-wise maximum 
operation: 

 



   

 

   

 

𝐷𝑚𝑒𝑟𝑔𝑒𝑑(𝑥, 𝑦) = max (𝐷𝑏𝑔(𝑥, 𝑦), 𝐷𝑜𝑏𝑗(𝑥, 𝑦, 𝑡)) (2) 

 

where 𝐷𝑏𝑔  represents the static background depth, 

and 𝐷𝑜𝑏𝑗  represents the moving object depth at 

time  𝑡 . This operation effectively overlays the 

moving objects onto the scene geometry.  
Figure 8 depicts an example of depth map 

generated by the algorithm. 

 
Figure 8: Depth map merging proccess. 

 
The depth map created by the proposed method is 

free from frame-to-frame background noise, resulting 
in high temporal consistency. 

3. IMPLEMENTATION AND TOOL 

SELECTION 

The Segment Anything Model (SAM, (Kirillov et 
al., 2023)) is a significantly more advanced tool in 
terms of segmentation granularity and scene coverage 
when compared to Detectron2 (Merz et al., 2023).  Its 
primary strength lies in its ability to produce dense, 
fine-grained segmentations of an image. However, in 
the context of the considered application, this feature 
becomes a notable limitation. SAM does not perform 
explicit object detection or classification, which are 
key components of the pipeline based on Detectron2. 
As a result, semantically coherent objects are not 
represented as single instances but rather as 
collections of independent segments. For example, a 
human figure may be decomposed into multiple 
regions corresponding to facial features, hair, or 
individual parts of clothing. 

In contrast, Detectron2 models the same entity as 
a single, coherent object instance with an assigned 
class label. This representation significantly 
complicates tasks that require object identification 
and comparison across consecutive video frames, 

particularly object tracking and selective object 
filtering. The absence of stable instance identifiers 
and semantic class information in SAM necessitates 
the use of additional, often complex aggregation 
heuristics, thereby increasing the overall system 
complexity. Our reliance on a dedicated tracking and 
motion classification logic ensures that the estimated 
depth maps are not only spatially consistent but also 
optimized for inter-frame prediction in video codecs 

An additional advantage of Detectron2 is the its 
relative consistency and reproducibility of detection 
results. Multiple executions of this model on identical 
input data typically yield highly similar instance 
masks, class assignments, and object identifiers. In 
contrast, SAM may produce more variable outputs, 
where the same object can be segmented differently 
across runs (e.g., clothing elements may be identified 
as separate segments in one execution and merged 
with the human body region in another).  

Parameter Tuning 

The detection score threshold was set to 0.9 in 

order to reduce the number of false positive 

detections. The optimal minimum confidence 

threshold, however, was found to be sequence-

dependent. In simpler sequences containing a limited 

number of objects and featuring common categories 

(e.g., people and vehicles), a lower threshold of 

approximately 0.5 was sufficient to achieve correct 

object extraction in the majority of frames. 

Excessively high classification thresholds led to the 

rejection of valid detections that were required for 

subsequent stages of the analysis. Therefore, the 

threshold value of 0.9 was selected as a practical 

compromise between the number of detected objects 

and the overall classification reliability, ensuring 

stable performance across a wide range of video 

sequences.  

Similarity Thresholds 
Spatial Similarity (Jaccard Index): Spatial similarity 
between object masks was evaluated using the 
Jaccard index. A relatively low similarity threshold of 
0.4 was adopted, as empirical observations and prior 
analysis indicated that the Jaccard score exhibits a 
highly non-linear behavior: masks corresponding to 
the same or strongly overlapping objects tend to 
produce rapidly increasing similarity values, whereas 
dissimilar or unrelated masks yield scores close to 
zero. Consequently, a threshold of 0.4 was sufficient 
to distinguish matching object instances while 
avoiding overly restrictive filtering. 

Appearance Similarity (Color-Based Corre-
lation): In addition to spatial overlap, appearance 
similarity was assessed using a color-based 



   

 

   

 

correlation measure. This approach was selected 
primarily for computational efficiency, serving as 
a lightweight alternative to more expensive similarity  
metrics such as Pearson correlation. The color-based 
similarity provided a fast approximation of 
appearance consistency across frames, enabling 
effective pruning of unlikely object correspondences 
without introducing significant computational 
overhead. 
 

4. EXPERIMENTAL EVALUATION 

The proposed method was evaluated using 
selected sequences from the MIV common test 
conditions (MIV CTC, (ISO/IEC, 2024)), focusing on 
natural scenes captured by real multicamera systems, 
containing dynamic foreground objects and different 
motion patterns. In particular, Fencing (Domański et 
al., 2016) and MartialArts (Mieloch et al., 2023) 
sequences were selected for quantitative evaluation, 
as they represent challenging scenarios with fast 

motion, frequent occlusions, and strong depth 
discontinuities. 

For the remaining tested CTC sequences (Carpark 
(Mieloch et al., 2020), Choreo (Dziembowski et al., 
2024), and Barn (Tapie et at., 2021)), the evaluation 
was limited to qualitative analysis, including visual 
comparison of estimated depth maps. This choice was 
motivated by the fact that the main contribution of 
this work lies in improving temporal consistency and 
visual stability, which are not always fully captured 
by objective metrics. 

Depth estimation in both tested variants was 
performed using the same immersive video depth 
estimation (IVDE, (ISO/IEC, 2021)) software to 
ensure a fair comparison. 

In the proposed approach, IVDE was run twice 
per sequence – once for estimating the depth of the 
static background (single frame) and once for 
estimating the depth of moving objects (for all 65 
frames). Then, both depth maps were merged. 

A. Segmented objects B. Static background C. Proposal: Merged A&B D. Anchor 

    

    

    

    

    

Figure 9: Single frame of depth maps for five tested sequences (from top): Carpark, Choreo, MartialArts, Fencing, and Barn. 

A: segmented moving objects, B: static background, C: combined background and moving objects,  

D: baseline anchor – depth calculated for full input views. 

 



   

 

   

 

In the baseline approach (anchor), IVDE was used 
to estimate the depth of full input frames. 

4.1 Qualitative results 

Figure 9 illustrates a comparison of depth maps 
estimated using the proposed approach with those 
estimated based on full input views (anchor). As 
presented, the proposal enables a substantial increase 
in the spatial consistency of the depth maps. The 
objects’ edges are sharper and more consistent (cf., 
Figure 10), and the background is smoother (cf., 
Figure 11). Moreover, fine details in the scene 
geometry are better preserved (cf., Figure 12). 

 

  
Fig. 10: Fragment of the Carpark scene. Left column: 

anchor, right column: proposal. 

 

 

 
Fig. 11: Fragment of the floor in MartialArts sequence. Top 

row: anchor, bottom row: proposal. 

 

Moreover, the proposed approach significantly 

increases the temporal consistency of the depth maps 

(Figure 13). The edges of the objects do not flicker, 

and there are fewer artifacts visible as background 

areas having foreground depth in proximity to 

moving objects (e.g., the part of the wall under the 

fencer’s arm in Figure 13). 

These improvements directly translate into more 

stable synthesized views, reducing visual discomfort 

and temporal artifacts during virtual navigation 

within the immersive video scene. 
 

 

  
Fig. 12: Fragment of the Barn scene. Left column: anchor, 

right column: proposal. 
 

  

  

  
Figure 13: Three consecutive frames in Fencing sequence. 

Left: anchor, right: proposed approach. 
 

4.2 Quantitative evaluation 

Quantitative evaluation was conducted using the 
methodology defined in MIV CTC (ISO/IEC, 2024) 
on Fencing and MartialArts sequences. In particular, 
IV-PSNR (Dziembowski et al., 2022) was used for 



   

 

   

 

objective quality evaluation, and bitrates, along with 
BD-rates (Bjøntegaard, 2001), were analyzed to 
assess the performance of immersive video coding 
when depth maps estimated using the proposed 
approach were used as input (in comparison to the 
anchor). 

As presented in Tables 1 and 2, the average 
objective quality of a single frame is higher when 
using the depth estimated in the proposed approach. 
The increase, however, is slight.  

Table 1: Objective quality of synthesized views, averaged 

over all views and all 65 frames; Fencing sequence. 

Fencing 
Average IV-PSNR [dB] 

Anchor Proposal 

No compression 46.76 46.96 

Rate point 1 43.79 44.00 

Rate point 2 43.49 43.70 

Rate point 3 42.31 42.47 

Rate point 4 37.72 37.75 

Table 2: Objective quality of synthesized views, averaged 

over all views and all 65 frames; MartialArts sequence. 

MartialArts 
Average IV-PSNR [dB] 

Anchor Proposal 

No compression 35.59 36.02 

Rate point 1 35.57 36.00 

Rate point 2 35.52 35.93 

Rate point 3 35.43 35.80 

Rate point 4 34.67 34.95 

 
The main advantage of the proposed method 

comes not from the quality of a single frame of 
a sequence, but from increased spatial and temporal 
consistency of the depth maps, what substantially 
increases depth map coding efficiency. It can be 
measured by the total bitrate required for transmission 
of the immersive video sequence. These results are 
presented in Tables 3 and 4. 

Table 3: Total bitrate for the Fencing sequence; the bitrate 

includes texture, depth, and metadata subbitstreams. 

Fencing 
Total bitrate [Mbps] 

Anchor Proposal 

Rate point 1 36.172 34.110 

Rate point 2 16.843 15.855 

Rate point 3 6.226 6.082 

Rate point 4 2.048 1.921 

 

 

Table 4: Total bitrate for the MartialArts sequence; the 

bitrate includes texture, depth, and metadata subbitstreams. 

MartialArts 
Total bitrate [Mbps] 

Anchor Proposal 

Rate point 1 33.639 29.971 

Rate point 2 23.917 21.110 

Rate point 3 15.395 13.736 

Rate point 4 5.050 4.586 

 
As presented, the required bitrate is significantly 

lower than for the anchor, both for Fencing and 
MartialArts sequence. In terms of BD-rate (which 
combines the influence of quality and bitrate), the 
proposal outperforms the anchor by 10.4% for 
Fencing and by 15.6%, representing a significant 
coding efficiency gain. 

5. CONCLUSIONS AND FUTURE 

WORKS 

The proposed pipeline successfully improves the 
temporal consistency of depth maps by eliminating 
background flickering and preserving object edges. 
Independent processing of background and 
foreground objects further optimizes depth 
estimation, reducing computational time. Estimation 
is particularly efficient when applied to a single 
background frame obtained via a temporal median 
operation, and less complex sequences containing 
only moving objects against a uniform background 
also benefit from faster processing. 

Unlike generic video depth frameworks that may 
introduce temporal drifts, the “static background” 
assumption is a deliberate design choice for systems 
which assume that video data will be compressed. By 
estimating the background depth only once, we 
completely eliminate temporal flickering in static 
regions. This drastically reduces the bitrate required 
for transmission, as the encoder can effectively 
exploit the lack of noise in the depth stream. 

The processed depth maps demonstrate 
significant quality improvements, making them 
suitable for applications such as virtual view 
synthesis in multi-view sequences. Depth maps 
generated with the developed software were proposed 
to the ISO/IEC MPEG Video Coding group and have 
been adopted as the new depth maps for the Fencing 
sequence. Results obtained for the other sequences 
highlight potential directions for further research, 
including the development of improved motion 
detection algorithms leveraging instance 
segmentation produced by Detectron2. Some 
inaccuracies observed in various sequences can be 
attributed to limitations in Detectron2’s handling of 



   

 

   

 

partially occluded objects, which may result in 
imprecise masks and, consequently, errors in 
matching similar sets and computing color 
differences. 

Additionally, the developed software provides a 
flexible framework for evaluating alternative object 
detectors, enabling further exploration of instance 
segmentation and motion-based depth estimation 
strategies. Future work should focus on enhancing the 
motion detection algorithm (current bottleneck), 
handling occlusions more robustly, and exploring 
more sophisticated similarity measures to improve 
object association across frames. 
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