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Abstract
To address the challenge of achieving precise image segmentation when fore-
ground and background exhibit similar appearances, this paper proposes a novel
depth-map-assisted region-based active contour image segmentation method,
building upon the foundation of active contour segmentation and incorporating
depth maps as auxiliary information. Firstly, a filtering algorithm is applied to
refine the depth map, yielding a more complete depth representation. Subse-
quently, a Gaussian mixture model is employed to compute confidence maps for
both the color image and the depth map. Finally, these confidence maps are uti-
lized to calculate the weights of color and depth features within a given region,
thereby guiding the segmentation process. The proposed algorithm effectively
leverages both color and depth information to guide segmentation, enabling
more accurate foreground-background separation. Experimental results demon-
strate that the segmentation results obtained by this method closely approxi-
mate the ground truth, thereby improving the accuracy of image segmentation.
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Abstract: The similarity between foreground and background presents a sig-
nificant challenge in precise image segmentation. To address this issue, this
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paper proposes a novel depth-assisted region-based active contour segmenta-
tion method that integrates depth maps as auxiliary information into the active
contour framework. First, a filtering algorithm is employed to repair the depth
map, yielding a more complete depth representation. Then, Gaussian Mixture
Models are used to compute confidence maps for both the color image and the
depth map. Finally, these confidence maps are utilized to calculate the weights
of color and depth information within a given region, thereby guiding the seg-
mentation process. The proposed algorithm effectively leverages both color and
depth information to achieve more accurate foreground-background separation.
Experimental results demonstrate that the segmentation results obtained by this
method closely approximate ground truth and improve the accuracy of image
segmentation.

Keywords: depth image; hybrid filtering; active contours; confidence map

0 Introduction
Image segmentation refers to the process of partitioning an image into distinct
regions to extract specific targets. Segmentation algorithms can be categorized
into several types: region-based methods using color information, edge-based
methods, threshold-based methods, and approaches derived from specific theo-
retical frameworks. Typical traditional methods include Graph Cut [1], water-
shed algorithms [2], and active contour methods [3]. While these methods can
cleverly utilize relevant regional information to separate specific targets, they
often fail to achieve satisfactory results due to limited available information,
particularly when foreground and background regions exhibit similar character-
istics.

To address scenarios with similar foreground and background, researchers have
begun introducing depth maps to assist image segmentation [4]. Since depth im-
age grayscale values represent the distance between objects and the camera (with
larger values indicating greater distance), depth information can be exploited
to separate regions where foreground and background are similar in appearance
but differ in depth. For instance, Li Shutao et al. [5] proposed a method using
level sets and depth maps for image segmentation, which primarily involves two
steps: first segmenting the depth map using level sets, then refining the segmen-
tation boundaries. Ge Ling et al. [6] introduced depth maps into the classical
Graph Cut algorithm for interactive image segmentation, with the main idea of
using depth information to modify edge weights during segmentation, thereby
altering the segmentation results.

However, most methods that utilize depth images for segmentation rely on rel-
atively complete depth maps. In practice, due to equipment limitations (such
as Kinect) and environmental interference, acquired depth images suffer from
various issues, including missing depth information leading to holes, low depth
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value accuracy, and image noise. These problems significantly degrade the per-
formance of many depth-based segmentation approaches.

This paper proposes a method that uses depth maps captured by depth cam-
eras to assist image segmentation. The main contributions are twofold: first,
an improved filtering algorithm is developed to repair depth maps; second, a
confidence map mechanism is introduced to propose a depth-assisted region-
based active contour algorithm. The use of confidence maps enables reasonable
utilization of both color and depth information, allowing the algorithm to rely
primarily on depth information when the repaired depth map is of high quality,
while still leveraging color information when depth map repair is suboptimal.
Experimental results demonstrate that the proposed method can effectively re-
store depth images and produce superior segmentation results.

1 Algorithm Description
To address the problem of similar foreground and background in image seg-
mentation, this paper proposes a depth-assisted region-based active contour
segmentation method. The overall workflow is illustrated in [Figure 1: see origi-
nal paper]. The method consists of two key components: depth map inpainting
and image segmentation using the repaired depth map. The specific steps are as
follows: (a) apply the proposed filtering method to fill holes in the depth map;
(b) compute confidence maps for both the color image and the depth map; (c)
derive color and depth weight components for a given region from the confidence
maps to guide the subsequent segmentation process.

2 Depth Map Inpainting Filter Algorithm
2.1 Depth Map Hole Generation

Using Kinect as an example, we explain the causes of hole generation and demon-
strate the resulting artifacts. The Kinect device comprises three main compo-
nents: a sensor, a camera, and a microphone. The depth sensor consists of
an infrared emitter and an infrared receiver, while the color camera captures
color images of the same scene. When acquiring depth images with Kinect, the
effective range is 0.8 to 4.0 meters in default mode. Objects outside this range
cannot obtain depth information, resulting in data loss and image holes. [Figure
2: see original paper] shows a color image (right) and its corresponding depth
image (left) captured by Kinect. In the depth image, black regions represent
pixels with a value of 0, indicating hole pixels.

2.2 Filter Algorithm

Building upon the Directional Joint Bilateral Filter (DJBF) algorithm [9], this
paper proposes a novel filtering algorithm for depth map inpainting. DJBF,
introduced by Le et al., is formulated as follows:
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The algorithm first classifies pixels as either hole pixels or non-hole pixels based
on whether they reside in hole regions. Priorities are assigned to all pixels within
holes, and inpainting proceeds according to this priority order. After completing
the hole filling, noise in non-hole regions is removed to obtain the final repaired
image. Before calculating the depth value for each target hole pixel, priorities
are assigned to all unknown hole pixels, determining the order of inpainting. All
hole pixels within the hole region are sorted by priority, and depth values are
computed for each pixel in descending priority order. The priority 𝑚(𝑝, 𝑞) of a
target pixel is determined by a linear combination of two factors: the support
degree 𝑑(𝑝, 𝑞) and the confidence degree 𝑐(𝑝, 𝑞), as expressed in equation (7):

𝑚(𝑝, 𝑞) = 𝜆0 ⋅ 𝑑(𝑝, 𝑞) + 𝜆1 ⋅ 𝑐(𝑝, 𝑞), 𝜆0, 𝜆1 > 0

The support degree 𝑑(𝑝, 𝑞) refers to the number of known neighboring pixels
around the target center pixel. In our experiments, a filter window size of 7 × 7
is used, resulting in 48 neighboring pixels for the center pixel. The confidence
degree 𝑐(𝑝, 𝑞) represents the similarity between neighboring pixels and the cen-
ter pixel, including spatial proximity and grayscale similarity. Its calculation
method follows the same approach as the neighborhood pixel depth weight cal-
culation in joint bilateral filtering:

The priority calculation proceeds as follows: (a) First, an initial threshold 𝑇 is
set for priority 𝑚, which is experimentally set to 1.5. (b) The priority 𝑚 for
all pixels within the hole region is computed using equation (7). All hole pixels
with priority greater than 𝑇 are inserted into a priority queue 𝑇 𝑆𝑒𝑡, and their
depth values are calculated. (c) After completing the inpainting of all pixels in
the current queue, new priorities 𝑚 are recalculated for all remaining hole pixels
by computing their support and confidence degrees. The threshold 𝑇 is then
updated based on the priorities of the remaining hole pixels, and hole pixels are
rearranged in the queue according to the new threshold. Here, 𝑇 is adaptively
adjusted: if no pixels remain in the queue, the threshold is decreased by 0.1;
otherwise, it is increased by 0.1. This adjustment ensures that pixels with the
highest priority are always processed first. In each iteration, new priorities
for all remaining hole pixels are computed, the threshold is updated, and new
highest-priority hole pixels are continuously added to the queue for depth value
calculation. (d) The loop terminates when depth values for all hole pixels have
been computed, indicating completion of hole filling.

3 Depth-Assisted Region-Based Active Contour Segmenta-
tion Algorithm
3.1 Region-Based Active Contour Algorithm

Active contour algorithms can be broadly classified into two categories: region-
based and edge-based [10]. Edge-based methods primarily utilize image gradient
information to stop curves at object boundaries, while region-based methods
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seek to minimize an energy function under boundary conditions during evolu-
tion. This paper adopts the region-based active contour segmentation method
proposed by Lankton et al. [11]. Unlike previous approaches, this region-based
method focuses on local information rather than global image statistics, using
local cues to guide the contour evolution process.

When performing image segmentation using a region-based active contour algo-
rithm, for a given image 𝐼 , let Ω be defined as the two-dimensional space of 𝐼 .
The energy function during evolution can be expressed as:

𝐸(Ω) = ∫
Ω

𝛿𝜙(𝑥) ⋅ 𝐵(𝑥, 𝑦) ⋅ 𝐹 (𝐼(𝑦)) 𝑑𝑦 𝑑𝑥 + 𝜆 ∫
Ω

div ( ∇𝜙
|∇𝜙|) 𝛿𝜙(𝑥) 𝑑𝑥

where 𝐸 is the evolution energy function, Ω represents the image region, 𝛿𝜙
denotes the Dirac function, 𝐵(𝑥, 𝑦) indicates the distance relationship between
two points (equal to 1 when the distance is less than a given radius, otherwise
0), 𝐼(𝑦) is the combined value of color and depth components, and 𝜆 is a penalty
coefficient used in the regularization term to ensure curve smoothness (set as in
[11]).

𝐹 is an energy measurement function that ensures points in local regions along
the contour follow a given model, expressed as:

𝐹 = 𝜆𝑐 ⋅ (𝑢 − 𝑣𝑐)2 + 𝜆𝑑 ⋅ (𝑢 − 𝑣𝑑)2

where 𝜆𝑐 and 𝜆𝑑 are determined by the confidence map, 𝑣𝑐 represents the mean
of interior region pixels, and 𝑣𝑑 represents the mean of exterior region pixels.

3.2 Confidence Map Approach

When using depth-assisted active contour algorithms for image segmentation,
confidence maps are required to specify 𝜆𝑐 and 𝜆𝑑. The discrimination method
is as follows:

𝜆𝑐, 𝜆𝑑 =

⎧{{
⎨{{⎩

𝛼, 1 − 𝛼 if 𝑆𝑐 > 𝑆𝑑 and 𝐶𝑐 > 𝐶𝑑
𝛽, 1 − 𝛽 if 𝑆𝑐 > 𝑆𝑑 and 𝐶𝑐 ≤ 𝐶𝑑
1 − 𝛽, 𝛽 if 𝑆𝑐 ≤ 𝑆𝑑 and 𝐶𝑐 > 𝐶𝑑
1 − 𝛼, 𝛼 if 𝑆𝑐 ≤ 𝑆𝑑 and 𝐶𝑐 ≤ 𝐶𝑑

where 𝑆𝑐 and 𝑆𝑑 represent the number of values belonging to the foreground in
the corresponding regions of the color and depth confidence maps, respectively,
𝐶 is the area of the given region, and 𝛼 and 𝛽 are constants experimentally set
to 𝛼 = 8 and 𝛽 = 4.

This paper employs Expectation-Maximization Gaussian Mixture Models
(EM-GMM) to compute confidence maps. Several alternative approaches
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exist, including Gaussian models, histograms, Gaussian mixture models,
and expectation-maximization algorithms. After comparing these methods,
EM-GMM proved most effective. The EM-GMM computation involves two
key steps: initialization and solution using the EM algorithm. The calculation
proceeds as follows: (a) Initialize the Gaussian models 𝜋𝑘, 𝜇𝑘, and Σ𝑘; (b) For
each pixel 𝑝 in image 𝐼 , assign 𝑧𝑖𝑘 = 1 if 𝑘 = arg max𝑗 𝜋𝑗𝑁(𝑝|𝜇𝑗, Σ𝑗); (c) Update
parameters: 𝜋𝑘 = 𝑁𝑘

𝑁 , 𝜇𝑘 = 1
𝑁𝑘

∑𝑁
𝑖=1 𝑧𝑖𝑘𝑝𝑖, Σ𝑘 = 1

𝑁𝑘
∑𝑁

𝑖=1 𝑧𝑖𝑘(𝑝𝑖 −𝜇𝑘)(𝑝𝑖 −𝜇𝑘)𝑇 ;
(d) Repeat steps 2-5 until maximum iteration conditions are met. By obtaining
confidence maps for both color and depth, the weights can be adjusted during
segmentation to modify function 𝐹 , enabling depth-assisted region-based active
contour segmentation.

4 Experimental Results
The experimental environment and parameters were properly configured before
testing. Our method is based on NTU2000 [14]. The depth map inpainting, con-
fidence map computation, and final active contour segmentation are executed
sequentially, where optimal results from each stage contribute to the final opti-
mal solution. During depth map inpainting, the priority threshold 𝑇 is initially
set to 1.5, with other parameters configured as in [9]. During active contour
segmentation, 𝜆𝑐 and 𝜆𝑑 range from 1 to 10, with experiments showing that
𝜆𝑐 = 2 and 𝜆𝑑 = 0.5 yield the most suitable results, while other parameters
follow [11].

Following the experimental procedure in [12], we validate our algorithm from
two aspects: first, verifying the effectiveness of the filtering algorithm for depth
map repair; second, validating the effectiveness of the depth-assisted region-
based segmentation algorithm.

4.1 Depth Map Inpainting Results of the Filter Algorithm

The effectiveness of the depth map inpainting algorithm is demonstrated in
[Figure 3: see original paper] (bell) and [Figure 4: see original paper] (tower).
In these figures, from left to right are: ground truth depth map, artificially
holed depth map, inpainted depth map (with errors marked in red), and final
inpainted depth map. For objective evaluation, we measure Error (filling error),
Ratio (hole inpainting proportion), and PSNR.

Let 𝐸𝑟𝑟𝑜𝑟 = |𝐻𝑜𝑙𝑒𝐹 𝑖𝑙𝑙𝑖𝑛𝑔 −𝐺𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ|, where 𝐸𝑟𝑟𝑜𝑟 represents the number
of incorrectly filled pixels. Let 𝑅𝑎𝑑𝑖𝑜 = 1 − 𝐸𝑟𝑟𝑜𝑟

𝑆𝑢𝑚𝐻𝑜𝑙𝑒 , where 𝑆𝑢𝑚𝐻𝑜𝑙𝑒 is the
total number of hole pixels. PSNR is an objective standard for measuring image
distortion or noise level, commonly used for image quality assessment:

PSNR = 10 log10 (MAX2

MSE )
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where MAX represents the maximum image color value (255 for 8-bit images).
MSE is the mean square error between the 𝑚 × 𝑛 ground truth image 𝐼 and the
inpainted depth image 𝐾:

MSE = 1
𝑚𝑛

𝑚
∑
𝑖=1

𝑛
∑
𝑗=1

(𝐾(𝑖, 𝑗) − 𝐼(𝑖, 𝑗))2

Since our filter algorithm utilizes local information, the final result cannot be
identical to the ground truth. However, as shown in the rightmost inpainted
depth maps of [Figure 3: see original paper] and [Figure 4: see original paper],
the filter algorithm effectively repairs imperfect depth maps. The data in also
demonstrate that the depth maps are satisfactorily restored after filtering.

4.2 Segmentation Results of Region-Based Active Contour Algorithm

To validate the effectiveness of the depth-assisted region-based segmentation al-
gorithm, we conduct two types of comparative experiments. The first compares
with segmentation results using only color information, selecting contour-guided
color segmentation [7] (ICCV 2015) and superpixel segmentation [8] (CVPR
2015). The second compares with the RGBD-based Graph Cut method pro-
posed by Ge Ling et al. [6]. Additionally, we include FCN (Fully Convolutional
Network) for semantic segmentation, though as a deep learning approach requir-
ing extensive training data, it cannot produce satisfactory results for untrained
images.

Evaluation metrics include PSNR, Jaccard index, Dice coefficient, Precision, and
Conformity coefficient. The Jaccard index measures similarity between sample
sets, defined as the intersection over union:

𝜅𝑗 = |Ω1 ∩ Ω2|
|Ω1 ∪ Ω2| × 100%

Higher Jaccard values indicate greater similarity and segmentation results closer
to ground truth. The Dice coefficient is another similarity measure, where larger
values indicate greater similarity:

𝜅𝑑 = 2|Ω1 ∩ Ω2|
|Ω1| + |Ω2| × 100%

Precision represents the proportion of correctly segmented samples, where higher
values indicate more accurate segmentation. The Conformity coefficient, pro-
posed in [13], provides a more sensitive and strict evaluation metric than Dice
and Jaccard, offering better discrimination for detecting subtle differences in
segmentation results:
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𝜅𝑐𝑑 = |Ω1 ∩ Ω2|
max(|Ω1|, |Ω2|)

Segmentation results are shown in [Figure 5: see original paper] and [Figure
6: see original paper]. It is evident that even with holes in the depth map,
our method produces results closer to ground truth because we first repair
the depth map using the filter algorithm. The specific evaluation metrics in
and demonstrate that the segmentation results obtained by our proposed depth
map inpainting algorithm combined with the depth-assisted region-based active
contour algorithm achieve superior performance across all metrics, indicating
results closest to ground truth.

5 Conclusion
Image segmentation remains a major research focus in computer vision. This pa-
per proposes a depth-assisted region-based active contour segmentation method.
To address holes in practically acquired depth maps, we introduce a novel fil-
tering algorithm based on DJBF for depth map inpainting. Our method first
repairs the depth map, then computes confidence maps for both color and depth
images, derives weight values for color and depth components from these con-
fidence maps, and finally completes the segmentation process. Experimental
results demonstrate that the proposed method effectively repairs depth maps
and produces segmentation results closer to ground truth.
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