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Saliency detection on a light field via the focusness
and propagation mechanism

Li Shuang, Deng Huiping, Zhu Lei, Zhang Long
Information Science and Engineering, Wuhan University of Science and Technology, Wuhan 430081, China

Abstract: Objective Saliency detection, which has extensive applications in computer vision, aims to locate pixels or
regions in a scene that attract the visual attention of humans the most. An accurate and reliable salient region detection can
benefit numerous vision and graphics tasks, such as scene analysis, object tracking, and target recognition. Traditional 2D
images focus on low features, including color, texture, and focus cues, to detect salient objects from the background.
Although state-of-the-art 2D saliency detection methods have shown promising results, they may encounter failure in com-
plex scenes where the foreground and background have a similar appearance or where the background is cluttered. 3D images
provide in-depth information that benefits saliency detection to some extent. However, most of 3D saliency detection results
greatly depend on the quality of depth maps; in this way, an inaccurate depth map can greatly affect the final saliency

detection result. Moreover, 3D saliency detection methods may produce inaccurate detection when the salient object cannot
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be distinguished at the depth level. The human visual system can distinguish regions at different depth levels by adjusting
the focus of eyes. Similarly, light field has a focusing capability where a stack of images that emphasize different depth lev-
els can be stacked. The focus cue supplied by a focal stack helps determine the background and foreground slice candidates
or those conditions with certain complexities (i. e. , the foreground and background having similar color/textures) . There-
fore, focus can improve the precision of saliency detection in challenging scenarios. The extant light field saliency detection
methods verify the effectiveness of integrating light field cues, including focus, location, and color contrast cues. From the
above discussion, an important aim of saliency detection for a light field is to explore the interactions and complementarities
among light field cues. Method This paper builds a foreground/background probability model that can highlight salient
objects and suppress the background by using location and focus cues. A propagation mechanism is also proposed to enhance
the spatial consistency of the saliency results and to refine the saliency map. The focal stack and the all-focus image are
taken as light field input images that are segmented into a set of non-overlapping super-pixels via simple linear iterative
clustering (SLIC) . First, we detect the in-focus regions of each image in the focal stack by applying the harmonic vari-
ance measure in the frequency domain to define our focus measure. Second, to determine the foreground image set and
background image, we scale the focus of the focal stack by using a Gaussian filter. Saliency detection follows a common
assumption that salient objects are more likely to lie at the central area and are often photographed in focus. Therefore, we
analyze the distribution of in-focus objects with respect to their prior location by using a 1D band-pass Gaussian filter and
then compute the foreground likelihood score of each focal slice. We choose the slice with the lowest foreground likelihood
score as our background slice and the slice whose likelihood score is 0. 9 times higher than the highest reported foreground
likelihood score as our foreground slice. Afterward, we construct a foreground/background probability function by combing
the focus of the background slice with the spatial location. We then compute the foreground cue from the foreground slice
candidates and the color cue on the all-focus image. To enhance contrast, we use the foreground/background probability
function to guide the foreground and color cues, which we use in turn to obtain the foreground and color saliency maps,
respectively. From these maps, we find that the low saliency value of a salient object can be improved and that the high
saliency value of the background area in complex scenarios (e. g. , where the foreground and background are the same) can
be restrained. We combine the foreground and color saliency maps by using a Bayesian fusion strategy to generate a new
saliency map. We then apply a K-NN enhanced graph-based saliency propagation method that considers the neighboring
relationships in both spatial and feature spaces to further optimize this saliency map. Optimizing the spatial consistency of
adjacent super-pixels can uniformly highlight the saliency of objects. We eventually obtain a high-level saliency map. Result
We compare the performance of our model with that of five state-of-the-art saliency models, including traditional approaches
and deep learning methods, on a leading light field saliency dataset (LFSD) . Our proposed model effectively suppresses
the background and evenly highlights the entire saliency object, thereby obtaining sharp edges for the saliency map. We
also evaluate the similarity between the predicted saliency maps and the ground truth by using three quantitative evaluation
metrics, namely, canonical precision-recall curve (PRC), F-measure, and mean absolute error (MAE) . Experiment
results show that our proposed method outperforms all the other methods in terms of accuracy (85.16% ) . F-measure
(72.79% ), and MAE (13.49% ) . Conclusion We propose a light field saliency detection model that combs the focus
and propagation mechanisms. Experiment results prove that our saliency detection scheme can efficiently work in challeng-
ing scenarios, such as scenes with similar foregrounds and backgrounds or complex background textures, and out performs
the state-of-the-art traditional approaches in terms of precision rates in PRC and false positive rates in MAE.

Key words: saliency detection; light field image; focus; probability function of foreground/background; propagation

mechanism; spatial consistency
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Fig.3  Visual comparison of various light field properties on LFSD datasets
((a) all-focus images;(b) LFS;(c) WSC;(d) DILF;(e) LF-Net;(f) MWS;(g) ours;(h) ground truth)
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