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Fig. 7. Qualitative comparison against the state-of-the-art methods on the SegTrack benchmark videos [52], the extended SegTrack [53] sequences
and the famous FBMS dataset [1] with pixel-level ground-truth labels. Our saliency method renders the entire objects as salient in complex scenarios,
yielding continuous saliency maps that are most similar to the ground-truth.

where we set β2 to 0.3 to assign a higher importance to precision
as suggested in [34].

For a complete analysis, we follow [55] to evaluate the mean
absolute error (MAE) between a real-valued saliency map S and
a binary ground-truth G for all image pixels:

MAE =
|S−G|
N

, (21)

where N is the number of pixels. The MAE estimates the approx-
imation degree between the saliency map and the ground-truth
map, and it is normalized to [0, 1]. The MAE provides a better
estimate of conformity between estimated and ground-truth maps.

The precision-recall curves of all methods are reported in
Figure 6-a. As shown, our method significantly outperforms the
state-of-the-art. The minimum recall value in these curves can also
be regarded as an indicator of robustness. A high precision score
at the minimum recall value means a good separation between the
foreground and background confidence values, as most of the high
confidence saliency values (close to 1) are correctly estimated the
foreground object.

As can be seen, when the threshold is close to 255, the recall
scores of other saliency models become very small, and the recall
scores of SS [15] and QS [33] shrinks to 0. This is a result of those
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Fig. 8. Our segmentation results on the SegTrack [52] (Cheetah and Girl) and the extended SegTrack dataset [53] (Bird of Paradise, Monkey and
Soldier ) with pixel-level ground-truth masks. The pixels within the green boundaries are segmented as foreground.

saliency maps do not correspond to the ground-truth objects. To
our advantage, the minimum recall of the our method does not
drop to 0. This demonstrates our saliency maps align better with
the correct objects. In addition, our saliency method achieves the
best precision rates above 0.9, which shows it is more precise and
responsive to the actual salient information. Similar conclusions
can be drawn from the F-score, as shown in Figure 6-b. Our F-

score is well above the performance of other methods. The MAE
results are presented in Figure 6-c. As shown, our saliency maps
successfully reduce the MAE almost by 75% compared to the
second best method (which is SF [55]). In summary, our method
consistently produces superior results.

Figure 7 shows a qualitative comparison of different methods,
where brighter pixels indicate higher saliency probabilities. It is
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Fig. 9. Our segmentation results on the FBMS [1] (Horse and Camel) and the DAVIS dataset [54] (Kite-walk, Mallard-fly and Parkour ) with pixel-level
ground-truth masks. The pixels within the green boundaries are segmented as foreground.

observed that image saliency methods (MR [39], SF [55]) applied
independently to each frame produce unstable outputs, some
saliency maps even completely miss the foreground object, mainly
because temporal coherence in video can convey important infor-
mation for identifying salient objects. In contrast, video saliency
methods SS [15], QS [33], CS [42], and TS [43] perform relatively
better as they utilize motion information. However, saliency maps
from previous video saliency models are often generated in lower

pixel precision and tend to assign lower foreground probabilities
to pixels inside the salient objects. This is due to the fact that
optical flow estimations are unreliable.

Based on above, we draw two important conclusions: (1) mo-
tion information gives effective guidance for detecting foreground
object; (2) making methods rely heavily on motion information
is not the optimal choice. Comprehensive utilization of various
features in spatial and temporal space (color, edges, motion, etc.)
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TABLE 1
APFPER results on SegTrack dataset [52] compared to the ground-truth. Lower values are better. The best and the second best results are

boldfaced and underlined, respectively.

video frames unsupervised supervised
Ours [1] [7] [8] [9] [23] [22] [28] [53] [56] [52] [57]

SegTrack

Birdfall 30 140 217 288 468 155 606 189 144 199 468 252 454
Cheetah 29 622 890 905 1175 633 11210 806 617 599 1968 1142 1217

Girl 21 991 3859 1785 5683 1488 26409 1698 1195 1164 7595 1304 1755
Monkeydog 71 350 284 521 1434 365 12662 472 354 322 1434 563 683
Parachute 51 195 855 201 1595 220 40251 221 200 242 1113 235 502

Avg. - 459 1221 740 2071 572 18228 677 502 505 2516 699 922

TABLE 2
IoU scores on SegTrack dataset [52] and extended SegTrack dataset [53] compared to the ground-truth. Higher values are better. The best and the

second best results are boldfaced and underlined, respectively.

video frames unsupervised supervised
Ours [7] [9] [22] [26] [28] [24] [58] [59] [60] [61]

SegTrack

Birdfall 30 74.5 48.7 71.4 37.4 72.5 73.2 57.4 78.7 57.4 56.0 32.5
Cheetah 29 64.3 43.4 58.8 40.9 61.2 64.2 24.4 66.1 33.8 46.1 33.1

Girl 21 88.7 77.5 81.9 71.2 86.4 86.7 31.9 84.6 87.9 53.6 52.4
Monkeydog 71 78.0 64.3 74.2 73.6 74.0 76.1 68.3 82.2 54.4 61.0 22.1
Parachute 51 94.8 94.3 93.9 88.1 95.9 94.6 69.1 94.4 94.5 85.6 69.9

Bird of Paradise 98 94.5 22.3 35.2 85.4 90.0 93.9 86.8 93.0 95.2 5.1 44.3
Frog 279 83.3 71.0 76.3 69.4 80.2 81.5 67.1 56.3 81.4 14.5 45.2

Extended Monkey 31 84.1 38.6 61.4 69.6 83.1 63.9 61.9 86.0 88.6 73.1 61.7
SegTrack Soldier 32 79.2 10.0 51.4 47.4 76.3 36.8 66.5 81.1 86.4 70.7 43.0

Worm 243 74.8 40.5 53.9 73.0 82.4 61.7 34.7 79.3 89.6 36.8 27.4
Avg. - 81.6 51.1 65.8 65.6 80.2 73.3 56.8 80.1 76.9 50.2 43.1

produces more satisfactory segmentation results. Our model is
able to estimate more accurate saliency maps within and on
the boundaries of the target objects in cluttered backgrounds.
In addition, the assigned saliency values have higher confidence
values, which also reflects in the quantitative analysis.

5.2 Evaluation of Pixel Labeling
Our framework produces both spatially and temporally coherent
video object segmentation results in a fully unsupervised way. We
use the average per-frame pixel error rate (APFPER) introduced by
[52] for evaluating the performance on the SegTrack dataset. This
error rate measures the number of misclassified pixels and used
in [8], [9], [22]. As discussed in [53], the intersection-over-union
overlap (IoU) metric1, which is the intersection over union of the
estimated and ground-truth segmentation maps, is an informative
indicator of the performance. This metric is also widely used for
evaluating the segmentation performance. Therefore, we report our
performance on the IoU metric for the SegTrack [52], extended
SegTrack [53], FBMS [1] and the DAVIS [54] by computing the
score for each frame and then averaging it over all frames.

The APFPER results of ours and [1], [7], [8], [9], [23], [22],
[28], [53], [56], [52], [57] on the SegTrack are shown in Table 1.
The segmentation methods in [1], [7], [8], [9], [23], [22], [28],
[53], [56] and our method are unsupervised, while other methods
in [52], [57] are supervised. As seen, our method outperforms
all existing unsupervised algorithms on most video sequences.
Furthermore, our algorithm is better or on a par with the super-
vised approaches [52], [57], which indicates the robustness of the
proposed approach.

Table 2 presents the IoU scores of our method and [7], [9],
[22], [26], [28], [24], [58], [59], [60], [61] on the SegTrack and

1. Note the IoU score is equivalent to the region similarity metric (Jaccard
metric) used in DAVIS benchmark.

TABLE 3
IoU scores on a representative subset of the FBMS dataset [1], and the

average computed over the 59 video sequences. Higher values are
better. The best and the second best results are boldfaced and

underlined, respectively.

video Ours [7] [9] [22]

FBMS

Bear2 70.1 87.5 21.0 86.8
Cars5 38.5 10.7 38.7 17.4
Cars9 60.0 19.5 28.9 52.4
Cars10 55.9 65.7 74.9 79.0
Cats1 85.7 19.8 81.5 83.1
Dogs2 91.7 90.8 83.7 86.3

Horses1 89.4 77.6 83.5 77.5
Horses2 92.7 13.5 86.7 91.5
People1 68.1 56.0 64.8 53.3
People2 68.3 47.1 56.5 48.0
People4 86.4 82.1 83.8 79.4
People5 56.4 10.7 84.4 51.8
Rabbits1 90.8 92.4 91.6 92.9
Rabbits2 71.0 20.4 47.8 28.3
Rabbits5 88.1 55.1 84.7 90.1

Avg. 63.3 52.3 54.3 47.7

the extended SegTrack. Our approach outperforms the state-of-
the-art most videos and achieves the highest overall IoU score
(81.6).

We analyze the effectiveness of our approach on the FBMS
dataset and DAVIS dataset using IoU score. The IoU scores for
representative sequences of the FBMS dataset and the average
performance over the entire dataset (59 videos) are demonstrated
in Table 3. The proposed method achieves the best score on most
of the videos and the best average score overall. Table 4 reports
the IoU scores of our method and other methods [3], [7], [22],
[21], [62], [27] on the DAVIS datasets, some results are borrowed
from [54]. The average IoU score is computed over the 50 video
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TABLE 4
IoU scores on a representative subset of the DAVIS dataset [54], and

the average computed over the 50 video sequences. Higher values are
better. The best and the second best results are boldfaced and

underlined, respectively.

video Ours [3] [7] [22] [21] [62] [27]

DAVIS

Bmx-bumps 40.9 35.0 30.9 24.0 35.2 36.8 63.5
Bmx-trees 26.3 16.2 19.3 18.00 18.8 12.1 21.2

Boat 21.0 12.9 6.48 36.1 14.3 5.6 0.7
Bus 77.5 68.3 78.5 82.4 88.4 66.4 62.9

Camel 75.9 77.8 57.8 56.2 75.5 84.9 76.8
Car-roundabout 76.8 55.2 64.0 80.8 63.0 87.1 50.8

Dance-twirl 36.8 36.5 38.0 45.3 36.6 45.2 34.7
Elephant 67.3 75.9 67.5 82.3 68.8 49.4 51.7

Horsejump-high 65.5 36.4 37.0 57.8 73.4 83.0 83.4
Lucia 89.0 66.9 84.7 64.3 41.7 84.0 87.6

Mallard-fly 71.9 29.3 58.4 60.1 3.3 38.0 61.7
Motocross-bumps 55.3 50.1 68.9 61.7 46.5 60.3 61.4
Paragliding-launch 65.6 55.4 55.9 50.6 51.2 59.1 62.8

Soccerball 85.4 35.0 87.8 84.3 37.0 24.2 82.9
Swing 71.3 41.2 70.9 43.1 62.2 53.3 85.1
Avg. 64.7 50.1 56.9 57.4 54.3 51.4 64.1

sequences of DAVIS datasets. As may be seen in Table 4, our
method still performs comparably or better than other concurrent
approaches.

Representative pixel labeling results are shown in Figure 8
(SegTrack, the extended SegTrack) and Figure 9 (FBMS, DAVIS).
Our method has the ability to segment the objects with fast
motion patterns (Cheetah and Horse) or large shape deformation
(Parkour). It produces accurate segmentation maps even when
foreground undergoes appearance changes (Mallard-fly), contains
various motion patterns (Soldier), or has similar color cues with
the background (Monkey). In contrast, existing approaches [7],
[9], [22] either mislabel background pixels as foreground or miss
foreground pixels. In our experiments we observed that target
foregrounds in various scenarios can be segmented accurately by
our algorithm.

5.3 Computational Load
Our method is tested on a Dell T5610 workstation with an
Intel Xeon E5 CPU of 2.50 GHz with unoptimized MATLAB
implementation. We analyze the computational load of the steps
in the proposed pipeline. We also include 4 video saliency methods
[15], [33], [42], [43] and 3 video segmentation methods [7], [9],
[22] for providing a comprehensive view of execution times of
existing approaches.

The execution times are presented in Figure 10 (excluding
optical flow computations for all algorithms). Figure 10-a shows
the execution time comparisons of our and other saliency methods.
It is clear that our saliency method is one of the fastest solutions
and only slower than the frequency domain based method [33].
Figure 10-b reports the per-frame processing times of the overall
segmentation procedures. All solutions use the optical flow esti-
mation method of [47]. Our method (3.5 seconds per frame) is
much faster than [7], [9] but only slower than [22].

The object proposal based segmentation methods of [7], [9]
require computationally expensive and complex object proposal
generation and inference stage [10] costing 43.5 seconds addi-
tional time per frame. Clearly, running time efficiency is the
major bottleneck for the usability of those video segmentation
algorithms, as a substantial amount of time is spent preprocessing
image frames to generate object proposals.

Fig. 10. Computational load of our method and the state-of-the-art for
340×240 video. (a) Execution time of video saliency estimation stage
compared against other video saliency methods [15], [33], [42], [43]. (b)
Execution time of overall method compared against other video seg-
mentation methods [7], [9], [22]. (c) Execution time of each intermediate
steps. Step1 and Step2 are saliency estimations via intra-frame graph
and inter-frame graph, respectively. Step3 is the final saliency step.

The execution time of each part of our whole scheme is shown
in Figure 10-c. The whole segmentation pipeline takes about 3.5
seconds for each frame, where over 60% of the runtime is spent
on the edge generation [46]. Saliency detection takes a total of
1.2 seconds: 0.38 seconds for computing the saliency via intra-
frame graph (Step1), 0.59 seconds for improving saliency results
via inter-frame graph (Step2), and 0.23 seconds for generating
final saliency via abstracting skeleton regions (Step3).

5.4 Validation of the Proposed Algorithm
5.4.1 Parameter Selection
In this section, we investigate the impact of important parameters
and verify basic assumptions of the proposed algorithm. We carry
out the evaluation of our system on the SegTrack dataset [52] and
the extended SegTrack dataset [53].

We first study the influence of the number of superpixels
K per frame. We report the performance by varying K =
{500, 600, · · ·, 1400, 1500}. We plot the MAE value of the spa-
tiotemporal saliency estimates and the IoU score of the segmenta-
tion results as functions of a variety of Ks in Figure 11. For both
datasets, we can observe that the performance of both saliency
estimates and segments increase when more superpixels (K ↑) are
oversegmented. However, when we further increase the number
of superpixels (K> 900), the final performance does not change
obviously. As the computational expense would increase with the
lager number of superpixels, we set K=1000 in our implements.
Additionally, we can find that the segmentation performance gets
better with more accurate saliency estimates.

In Section 3.1, we fuse the spatial edge Ec and motion edge
Eo together via Equation 1. It is necessary to explore different
combination strategies for generating spatiotemporal edges. We
consider four extra combination strategies and report their cor-
responding performance of saliency estimates and segmentation
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Fig. 11. Parameter selection for the number of superpixelK using (a) the
SegTrack database and (b) the extended SegTrack dataset. The MAE of
the saliency results and the IoU score of the segmentation results are
plotted as functions of a variety of Ks.

TABLE 5
Validation of spatiotemporal edge generation on the SegTrack dataset

[52] and extended SegTrack dataset [53].

spatiotemporal edge E SegTrack Extended SegTrack
MAE IoU MAE IoU

Ec · Eo 0.011 80.05 0.049 82.82
Ec 0.147 32.43 0.143 24.93
Eo 0.023 72.54 0.084 63.29

Ec + Eo 0.045 64.18 0.091 60.30
exp(Ec + Eo) 0.060 61.31 0.107 55.46

results in Table 5. As can be seen, the combination strategy in
Equation 1 achieves the best performance.

5.4.2 Validation of Spatiotemporal Saliency Steps
The proposed spatiotemporal saliency method has intra-frame
graph and inter-frame graph saliency steps and also the skele-
ton abstraction step. The intra-frame graph provides an initial
estimation of the salient region and the background in the first
step (Section 3.2). Based on this initial estimation, the inter-frame
graph further improves the saliency estimations of the superpixels
in the second step (Section 3.3). The salient object regions are
compared with each other and highly-confident foreground regions
are strengthened into the final saliency map in the third step
(Section 3.4).

To exhibit more details of our algorithm and objectively
evaluate the contribution of different parts in the proposed saliency
model to the saliency detection performance, we report the eval-
uation of each stage of our algorithm on the SegTrack [52], the

Fig. 12. Assessment of individual steps of our saliency estimation by
(a) precision-recall curves, and (b) MAE scores. Step1 and Step2 refer
to saliency via intra-frame and inter-frame graphs, respectively. Step3
is the skeleton abstraction. Top: evaluation results on the SegTrack
[52]. Middle: evaluation results on the extended SegTrack [53]. Bottom:
evaluation results on the FBMS [1].

extended SegTrack [53] and the FBMS [1] datasets. We report
the performance improvement of each step in Figure 12. Step1
and Step2 refer to the initial saliency via the intra-frame graph
(Section 3.2) and the refined saliency via the inter-frame graph
(Section 3.3). Step3 corresponds to our final saliency results
(Section 3.4). As shown, compared to the PR curve for initial
saliency map Step1, the performance of the refined saliency
Step2 is elevated and final saliency estimates Step3 achieve
the best performance. This demonstrates the contribution of our
saliency refinement via inter-frame graph and object skeleton
abstraction scheme based saliency optimization for improving the
saliency detection performance. The results for the MAE measure
show similar conclusions. Overall, the performance of each step
improves progressively, which demonstrates that the combination
of all steps is effective for improving the overall performance.
Some qualitative comparison results can be observed in Figure 2.
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Fig. 13. Video object segmentation and salient object detection results for object occlusion. (a) For object with part occlusions, the proposed method
can still produce reliable spatiotemporal saliency prior and generate accurate segments. (b) When heavy object occlusions occur, the proposed
method may suffer difficulties since it sticks to find a salient object followed by the basic assumption of saliency detection.

6 DISCUSSIONS AND LIMITATIONS

The proposed algorithm has a few limitations. The performance
of our algorithm is limited by the accuracy of spatiotemporal
saliency estimation. Saliency estimation is the cornerstone of our
method to determine where the primary object it is. If importance
analysis was misleading, it might negatively affect segmentation
results. For example, our spatiotemporal saliency method may
not be well suited for scenes that have multiple salient objects
or have a primary foreground object that occupies large portion
of the image. In these scenarios, it is likely to produce sub-
optimal results as the potential assumption for saliency detection
is that only a part of scene attracts human attention mostly. In our
approach, we formulate the local dynamic location prior and the
global appearance information in the proposed segmentation ener-
gy function (Equation 13), which would alleviate this problem.

Another difficulty for the current method is handling ob-
jects with occlusion, which is the common challenge in video
segmentation problem. As the proposed spatiotemporal saliency
prior relies on the object continuity between adjacent frames, it is
able to handle common scenarios with small or short occlusions
in a bottom-up fashion (Figure 13-a). As for some extremely
difficult scenarios with complete occlusions, such as the bmx
in Figure 13-b, the proposed method may still locate a part
of scene as salient region, even the object has been occluded.
That is followed by the basic assumption of saliency detection
that important object should exist. One promising direction to
improve the segmentation is the use of long range connectivity
of objects such as motion trajectories. Other advances may come
from adopting some occlusion-aware tracking techniques or the
development of more powerful representations beyond regions,
such as supervoxel and video object proposal.

7 CONCLUSIONS AND FUTURE WORK

We have presented an unsupervised approach that incorporates
geodesic distance into saliency-aware video object segmentation.

As opposed to the traditional video segmentation methods that
heavily rely on cumbersome object inference and motion analysis,
our method emphasizes the importance of video saliency, which
offers strong and reliable cues for pixel labeling of foreground
video objects.

The proposed method incorporates intra-graph edge and inter-
graph motion boundary information into a spatiotemporal edge
map. It uses the geodesic distance on these graphs to measure
the saliency score of each superpixel. In intra-frame graph, the
geodesic distance between the superpixel and frame boundary is
exploited to estimate the foreground probability. In inter-frame
graph, geodesic distance to the estimated background is utilized to
update the spatiotemporal saliency map for each pair of adjacent
frames. The geodesic distance is also employed to extract the base
and supporting foreground superpixels in the skeleton abstraction
step to further enhance the saliency scores. In the pixel labeling
stage, an energy function that combines global appearance models,
dynamic location models and spatiotemporal saliency maps is
defined and efficiently minimized via graph-cuts to obtain the final
segmentation results.

We have evaluated our methods on four benchmarks, name-
ly SegTrack [52], extended SegTrack [53], FBMS [1] and the
DAVIS [54]. The extensive experimental evaluations show that
our approach can generate high quality saliency maps in relatively
short time and achieve consistently higher performance scores
than many other existing methods. Comparing with other video
segmentation methods, our approach generates both quantitatively
and qualitatively superior segmentation results.

For future work, we will apply the proposed approach to other
applications, such as video resizing, video summarization, and
video compression. Additionally, our work provides important
hints toward combining spatiotemporal saliency prior with more
effective video representations, such as trajectory and supervoxel.
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