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Abstract. Superpixel segmentation is to gather adjacent pixels into sub-regions 
with certain semantics, which can greatly reduce the computational complexity 
of subsequent image processing. The existing SLIC-D algorithm of RGBD im-
age is a superpixel segmentation method that integrates depth information based 
on SLIC algorithm. However, for some images with complex background, it 
cannot stick to the weak edge of the image, and even has the defect of wrong 
segmentation. Therefore, this paper proposes a novel RGBD image superpixel 
segmentation intergrated depth map quality. Firstly, RGB map is enhanced by 
bilateral filtering to suppress and smooth noise, joint bilateral filtering is used to 
fill the depth map hole. Secondly, Holistically-Nested Edge Detection method 
based on convolutional neural network is used to obtain the RGB contour map, 
the edge consistency map is obtained by Hadamard product operation with 
depth gradient map. Finally, superpixel segmentation is performed by clustering 
based on LAB color space, spatial location and high-quality depth information 
similarity. Through the verification on NYU dataset, the advantages of this al-
gorithm in edge fit degree are fully demonstrated. 

Keywords: Superpixel segmentation, RGBD, depth map quality,Clustering. 

1 Introduction 

As an image preprocessing step, superpixel segmentation gathers adjacent pixels with 
similar attributes into a class of sub-regions, which reduces the computational com-
plexity of subsequent image processing. Superpixel segmentation has been widely 
used in image segmentation [1], target recognition and tracking [2], and saliency de-
tection [3-6]. Among the algorithms for generating superpixels, the SLIC (Simple 
Linear Iterative Clustering) algorithm proposed by Achanta et al. [7] often achieves 
the best results, the algorithm generates regular shape and controllable number of 
superpixel blocks based on the 5-dimensional features of CIELAB color space and 
pixel position. LSC [8] (Linear Spectral Clustering) developed from SLIC, replaces 
clustering pixels with high-dimensional features. Guo et al. [9] based on the SLIC 
algorithm, proposed an improved algorithm combining adaptive multi-threshold LBP 
texture features, which solved the inaccurate segmentation problem of the SLIC algo-
rithm considering only color and spatial information. In view of the time-consuming 
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problem of SLIC algorithm, Lei et al. [10] proposed a fast SLIC superpixel segmenta-
tion method. Liao et al. [11] aiming at the fact that the above superpixel segmentation 
algorithm cannot automatically determine the appropriate number of superpixels, 
proposed a superpixel segmentation method using local information. Xiao et al. [12] 
proposed an adaptive content-based superpixel segmentation method, which can itera-
tively evaluate the importance of color, contour, texture and spatial location features 
based on the discriminant method of clustering, and adaptively adjust the weight of 
each feature. 

With the development of imaging technology, many researchers began to turn to 
the RGBD image superpixel segmentation method for research. In the depth map, the 
depth sensor may not detect some pixels of depth information, and these pixels consti-
tute depth map holes. Zhang et al. [13] proposed a joint filtering method to fill the 
hole and up-sampled depth information to generate RGBD image capture system. The 
depth map quality was often neglected in previous work, Zhao et al. [14] mentioned 
the importance of depth map quality and introduced contrast loss of RGB stream into 
depth stream to improve the quality of depth map. Wang et al. [15] proposed three 
quality assessment methods of depth map, the selective fusion of these three depth 
qualities improves the accuracy of saliency detection in RGBD image. In the case of 
very low light, can't rely on color information for superpixel segmentation, Agoes 
[16] proposes a superpixel generation algorithm rely on depth information, the depth 
and gradient direction as an alternative LAB color space features, to solve the prob-
lem of semantic inconsistency in depth map segmentation due to the same depth value 
near the boundary. Li et al. [17] proposed RGBD image superpixel segmentation, 
namely, SLIC-D algorithm, the depth information is not only used to solve the image 
with similar foreground and background color, but also to achieve the co-
segmentation of multiple images. Therefore, this paper proposes a novel RGBD im-
age superpixel segmentation method intergrated depth map quality. Firstly, the quality 
of depth map is evaluated according to the edge consistency of RGB contour map and 
depth gradient map. In this paper, HED (Holistically-Nested Edge Detection method) 
[18] based on convolutional neural network is used to extract RGB contour map. Sec-
ondly, the results of depth map quality evaluation are weighted and fused with depth 
map to obtain high-quality depth map. Finally, superpixel segmentation is achieved 
by clustering based on LAB color space, spatial location and high-quality depth in-
formation similarity. The main contributions are summarized as follows. 

 This paper proposes a high-quality depth map generation method. The edge consisten-
cy map is obtained from RGB contour map and depth gradient map by Hadamard 
product operation, high-quality depth map is obtained by weighted fusion of edge 
consistency map and depth map. 

 This paper proposes a novel superpixel segmentation method for RGBD images. 
Superpixels are generated by clustering with the similarity of color, similarity of space 
location and similarity of high-quality depth information. 
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2 RGBD Image Superpixel Segmentation Intergrated 
Depth Map Quality 

In this paper, firstly, the RGB map is enhanced by bilateral filtering, and the hole 
of depth map is filled by joint bilateral filtering enhancement. Secondly, Depth 
map quality assessment method was carried out based on the edge consistency 
map between RGB profile map and depth gradient map, however, in the space 
weighting operation, to reduce the computational complexity, considering neigh-
borhood information at the same time, this paper uses an adaptive nonlocal ran-
dom walk algorithm for segmenting superpixel proposed by Wang et al. [19]. 
Thirdly, edge consistency map are weighted and fused with the depth map to ob-
tain a high-quality depth map. Lastly, the color, space location and high-quality 
depth information are integrated for clustering to obtain the RGBD image super-
pixel segmentation method. The algorithm flow is shown in Fig. 1. 

 

Fig. 1. The algorithm flow of the proposed superpixel segmentation. 

2.1 Color Map Bilateral Filtering Enhancement 

Bilateral filtering enhancement can not only eliminate image noise, but also preserve 
image edge information, which is convenient for subsequent image superpixel seg-
mentation. Its principle is to calculate the gaussian function of the space distance and 
gray distance between two pixels, determine the weight size through the range of the 
Gaussian kernel function, and then multiply the two weight coefficients for filtering. 
The expression is as follows.  
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where g(x,y) is the image processed by bilateral filtering, S(x,y) is the collection of 
(2N+1)(2N+1) neighborhood pixels centered on pixel point (x,y), I(k,m) denotes the 
pixel value at (k,m). w(x,y,k,m) denotes the value calculated by two gaussian func-
tions, ws(x,y,k,m) is based on the similarity of spatial distance, which decreases with 
the increase of the distance between pixels. wr(x,y,k,m) is the gray value similarity 
calculated by square of the absolute value difference between two pixels, which de-
creases with the increase of the gray value difference. The larger the δs is, the more 
weighted pixels will lead to the more blurred the image. The limit of δr will keep the 
edge information of the image, so as to eliminate the image noise and preserve the 
edge information of the image, making the image prepare for the subsequent super-
pixel segmentation. 

2.2 Depth Map Hole Filling 

To fill depth map hole using joint bilateral filtering algorithm, joint bilateral filter is 
developed by the bilateral filtering, the difference between them is that the joint bilat-
eral filtering algorithm uses color map as guide map to calculate the domain weight, 
and the filtering results of the bilateral filtering algorithm are optimized to have the 
unstable effect of flipping near the edge. The expression is as follows. 
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where Uy is the pixel depth value after joint filtering, Ox is the depth value of the pro-
cessed depth map, and   denotes the filtering neighborhood range, Wc(x,y) is the 
color similarity weight, Ws(x,y) is the spatial position similarity weight, Dy is the 
pixel depth value of the position y of the point to be filled in the color map, and Nx is 
the pixel value of the position x in the neighborhood. δc is the color similarity weight 
parameter, and δs is the spatial location similarity weight parameter. Color similarity 
means that the more similar the pixels to be filled are in the color image, the more 
weight the pixels to be filled will have. Spatial location similarity means that the clos-
er the pixels to be filled are, the more weight they will have. 

2.3 High-quality Depth Map Generation Algorithm  

In the D (Depth) map of RGBD image, the area around the edge of the image is a 
high-quality depth area. Therefore, in this paper, RGB contour map and depth 
gradient map are used to obtain edge consistency map, and it is weighted and 
fused with depth map to obtain high-quality depth map. The algorithm steps are 
as follows. 

Algorithm 1. High-quality depth map generation algorithm. 

Input: RGB map, Depth map. 
Output: High-quality depth map. 
Step 1. RGB contour map and depth gradient map are generated to obtain the 

rough edge consistency map, and then gaussian smoothing operation is carried out to 
roughly locate high-quality depth areas. 

In this paper, the HED method based on convolutional neural network is used to 
obtain RGB contour map. Compared with the traditional edge detection method, this 
method can not only show the object boundary, but also suppress the irrelevant edges 
inside the object. EC (Edge Consistency map) of HED (RGB contour graph) and DG 
(Depth gradient map) can be expressed as equation (8). 

 EC HED DG   (8) 

where denotes the Hadamard product operation of the elements corresponding to 
image matrix HED and image matrix DG, and the resulting of edge consistency map 
is shown in Fig. 2.  

Since high-quality depth regions tend to be located near those pixels with large 
edge consistency values, a defined threshold is used to determine a subgroup of  "an-
chor pixels", the APC in Fig. 2. and these anchor pixels are used to roughly locate 
high-quality D regions (EC-) through equation (9). 

 - =G(f ( ))EC EC Tc  (9) 

where, Tc is the determined threshold,G denotes Gaussian smoothing operation, f is a 
function that assigns its negative value to zero. 
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Step 2. In this paper, the adaptive non-local random walk algorithm is used for 
superpixel segmentation to replace image pixels and generate a complete edge con-
sistency map. 

The depth map quality feature map should be complete, so a novel spatial 
weighting operation is used for regions not near the edge, it mainly includes similarity 
measure and space weighted range of features, exp is the similarity measure of fea-
tures, it is implemented with the common thread [20]. The euclidean distance is used 
to determine the spatial weighted range (11) in equation (10), that is, APA in Fig. 2. is 
determined adaptively by equation (11), where Tc is set to 20, Ta is set to 30. In this 
paper, in order to consider the global neighborhood relationship between image pixels 
and reduce time complexity, an adaptive nonlocal random walk algorithm is used to 
generate superpixel blocks. 

 
2

2

( ).exp( || ( ), ( ) || )
( )

exp( ||| ( ), ( ) || )
j j i j

i
j i j

P EC P w V P V P
EC P

P w V P V P

 







 (10) 

  2 2:|| ( , ) || min( || , ( ) || )i j i ac p p p f DG T    (11) 

where Pi denotes the i-th superpixel, Ta is determined threshold, w is the weight pa-
rameter, ||.|| is l2 norm, V(.) and P(.) returns the average and center of the given RGB 
image respectively. The final edge consistency map (EC) is at the lower right corner 
of Fig. 2. 

 

Fig. 2. Edge consistency map 

Step 3. The complete edge consistency map is weighted and fused with depth 
map to obtain high-quality depth map, as the equation 12. 

 0 1( ) (1 ) ( ) ( )h x f x f x      (12) 

where  sets to 0.6, namely, the weight of edge consistency map is set to 0.6, and the 
weight of depth map is set to 0.4 will get high-quality depth map to extract the high-
quality depth information, combined with the similarity of high-quality depth infor-
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mation, color similarity, similarity of space location clustering, get superpixel seg-
mentation results will be more accurate, f0(x) and f1(x) respectively denote the depth 
map and the corresponding edge consistency map, h(x) denotes the weighted fusion of 
the depth map and edge consistency map, high-quality depth map generation process 
is shown in Fig. 3. 

    

       

Fig. 3. The process of generating high-quality depth map. From left to right are RGB map, 
Depth map, Edge consistency map, High-quality depth map. 

2.4 Superpixel Segmentation Intergrated Depth Map Quality 

The method in this paper is to transform the 5-dimensional feature composed of 
CIELAB color space and pixel position from the traditional SLIC algorithm to the 6-
dimensional feature composed of CIELAB color space, the depth information after 
quality evaluation and pixel position to cluster adjacent pixels. The algorithm steps 
are as follows. 

Algorithm 2. Superpixel segmentation intergrated depth map quality. 

Input: RGB map, high-quality depth map. 
Output: Superpixel block. 
Step 1. The interval S is used to initialize the cluster center Ck, in order to pre-

vent the clustering center from being at the edge of the image, the clustering center 
was moved to the position of the lowest gradient of the pixel in the 3 neighborhood. 
Set each pixel label l(i) to -1, and set the distance di to ∞. 

Step 2. For each clustering center Ck, calculate the distance Di,k from the cluster-
ing center Ck  to each pixel i in 2S region. If Di,k<di, assign the values of Di,k to di, and 
set the label l(i) is k, the pixels are divided into the central region with the highest 
similarity in turn. Where interval S and the similarity distance formula can be calcu-
lated as. 

 /S Num K  (13) 

 2 2 2
lab ( ) ( ) ( )i k i k i kd l l a a b b       (14) 
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where Num denotes the total number of pixels in an image, and K denotes the number 
of presegmented pixels. dlab denotes the distance measurement from i to k in the Lab 
color space, dd denotes the distance calculation of high-quality depth value from i to 
k, dxy  denotes the calculation of the spatial distance from i to k pixel coordinate val-
ues. The final similarity distance measure Dik is shown in equation (17). 

 2 2 2lab
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where m, n and S are weight coefficients, which are used to balance the proportion of 
color information, high-quality depth information and spatial location information in 
similarity measurement. 

3 Experimental Results and Analysis 

3.1 Datasets and Evaluation Metrics 

This paper selects 654 images contained in NYU dataset, which are composed of 
video sequences of various indoor scenes recorded by RGB and Depth cameras of 
Microsoft Kinect. 

Both UE (Under-segmentation Error) [7] and ASA (Achievable segmentation 
Accuracy) [21] are used for experimental verification of the proposed algorithm. UE 
and ASA are indexes to evaluate the edge fitting ability of superpixel segmentation 
results, where UE denotes the percentage of pixels that overflow from the truth 
boundary, and ASA denotes the upper limit of segmentation accuracy, which is the 
highest accuracy that can be obtained when using superpixels as basic units for image 
segmentation, its definition is shown in equations (18)~(19). 
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where C1，C2，C3…Cn denotes n superpixel blocks generated by the superpixel 
segmentation algorithm, N is the number of pixels in the image, G represents the truth 
segmentation region, B is 5%, m denotes the number of truth segmentation regions, 
and k denotes the number of superpixel segmentation regions. 
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3.2 Influence of Parameters 

Given that the number of superpixels is 300 and n is 500, the influence of m on the 
result of superpixel segmentation is shown in Table 1. 

Table 1. The influence of m on the result of superpixel segmentation. 

m ASA UE 

10 0.893 0.216 

20 0.898 0.212 

30 0.892 0.222 

40 0.897 0.243 

It can be observed from Table 1 that when m is 20, ASA takes the maximum val-
ue and UE takes the minimum value. When the value of m is greater than or less than 
20, the segmentation accuracy will decrease and the under-segmentation error will 
increase compared with that when m is 20. So m is going to take 20. 

When the given number of superpixels is 300 and m is 20, the influence of n on 
the result of  superpixel segmentation is shown in Table 2. 

Table 2. The influence of n on the result of  superpixel segmentation. 

N ASA UE 

50 0.848 0.297 

200 0.854 0.286 

500 0.869 0.254 

600 0.865 0.354 

As can be seen from Table 2, when n is less than 500, the accuracy of superpixel 
segmentation increases with the increase of n value, and the under-segmentation error 
decreases with the increase of n value. When the value is an integer above 500, the 
segmentation accuracy will decrease and the under-segmentation error will increase 
compared with that when n is 500. So n is going to take 500 in this paper. 

3.3 Comparation Experiment 

On the one hand, the method in this paper has the advantages of fast running speed 
and clear contour of SLIC algorithm. On the other hand, for some images with com-
plex background, by incorporating high-quality depth information, the superpixel 
segmentation region of the image stick to the image boundary better. The comparation 
algorithms involved in verification in this paper are: the SLIC algorithm [7] and the 
SLIC-D algorithm [17]. 
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Visually Compare. In Fig. 4. shows the comparation of the superpixel segmentation 
results visual effect map in NYU dataset when the number of superpixels is set to 
300. The original map and the superpixel segmentation result map are given, and local 
magnification of them is also given. 

       

       

    

    

    

    

Fig. 4. Visual effect map. From left to right are Origin, Reference [7], Reference [17], Ours. 

From Fig.4. the first group of picture, as can be seen from the superpixel seg-
mentation result of hand sanitizer on the wash table, the algorithms in Reference [7] 
and Reference [17] do not distinguish the outer contour edges of hand sanitizer, while 
Our algorithm can not only segment the rough contour of the outer contour of the 
hand sanitizer, but also it can separate the weak edges of the target object inside the 
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image. The second group of picture, it can be seen from he superpixel segmentation 
result of the left chair, Reference [7] algorithm and Reference [17] algorithm do not 
stick to the edge of chair, and only Our algorithm can stick to the edge of chair close-
ly. The third group of picture can be observed that Reference [7] algorithm can only 
divide the outer contour of the stool, but the weak edge part of the internal target in 
the image cannot be recognized, Reference [17] algorithm mistakenly regarded the 
contour of the internal target of the stool as the outer contour of the stool. The algo-
rithm in this paper not only segmented the rough edges of the outer contour of the 
stool, but also accurately segmented the weak edge part of the internal target of the 
stool. In conclusion, RGBD image superpixel segmentation method intergrated depth 
map quality has more advantages in edge fitting degree. We are analyzed theoretical-
ly, RGB profile map and depth gradient map by Hadamard product operation to get 
edge consistency map, high-quality depth map is obtained by weighted fusion be-
tween edge consistency map and depth map, because clustering is based on high-
quality depth information, color information and spatial location information, there-
fore, compared with the SLIC algorithm and the SLIC-D algorithm, the algorithm in 
this paper can significantly improve the image edge fitting degree. 

Objective Evaluation. UE and ASA are indicators to evaluate the edge fitting ability 
of superpixel segmentation results. In this paper, under the condition that the number 
of pixels is given, the mean value of the superpixel segmentation results on ASA and 
UE indexes of all images is selected. 

 

Fig. 5. Contrast data diagram. From left to right are ASA, UE. 

In general, when the number of superpixels is given, Our algorithm has higher 
segmentation accuracy and lower under-segmentation error than Reference [17] algo-
rithm, Reference [17] algorithm has higher segmentation accuracy and lower under-
segmentation error than Reference [7] algorithm. However, when the number of su-
perpixels is set to 200, the average segmentation accuracy of Reference [7] algorithm 
is 0.870, and the under-segmentation error is 0.269, the average segmentation accura-
cy of Reference [17] algorithm is 0.861, and the under-segmentation error is 0.280. 
However, the segmentation accuracy of the proposed algorithm is 0.879 and the un-
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der-segmentation error is 0.255. That is to say, when the number of superpixels is set 
to 200, Reference [17] algorithm has lower segmentation accuracy and higher under-
segmentation error than Reference [7] algorithm, while the proposed algorithm has 
higher segmentation accuracy and lower under-segmentation error than the previous 
two algorithms. It shows that the proposed algorithm can not only stick to the weak 
edge of the image with a given number of superpixels, but also improve the image 
edge fitting degree. For example, the proposed algorithm can well stick to the weak 
boundary region of hand sanitizer and stool, so the proposed algorithm can maintain 
good contour details and have a good edge fit degree. 

4 Conclusion 

In this paper, firstly, the RGB map is enhanced by bilateral filtering to suppress and 
smooth the noise, joint bilateral filtering enhancement is used to fill the depth map 
hole. Secondly, contour map was obtained from the enhanced RGB map, and depth 
gradient map was obtained from the hole filled depth map. Then the edge consistency 
map and depth map are weighted and fused to get a high-quality depth map.Finally, 
clustering is based on the similarity of color, spatial location and high-quality depth 
information, a novel superpixel segmentation method for RGBD image was obtained. 
The algorithm is verified by experiments on NYU dataset and compared with the 
existing SLIC algorithm and SLIC-D algorithm. The results show that for images with 
complex background, the superpixel blocks generated by the algorithm in this paper 
can not only recognize the weak edges of the image, but also closely stick to the edges 
of the image. 
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