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Abstract— This paper introduces Salient Depth Partitioning
(SDP), a depth-based region cropping algorithm devised to
be easily adapted to existing detection algorithms. SDP is
designed to give robots a better sense of visual attention,
and to reduce the processing time of pedestrian detectors.
In contrast to proposal generators, our algorithm generates
sparse regions, to combat image degradation caused by robot
motion, making them more suitable for real-world operation.
Furthermore, SDP is able achieve real-time performance (77
frames per second) on a single processor without a GPU. Our
algorithm requires no training, and is designed to work with
any pedestrian detection algorithm, provided that the input
is in the form of a calibrated RGB-D image. We tested our
algorithm with four state-of-the-art pedestrian detectors (HOG
and SVM [1], Aggregate Channel Features [2], Checkerboards
[3], and R-CNN [4]), and show that it improves computation
time by up to 30%, with no discernible change in accuracy.

I. I NTRODUCTION
As robots become more prevalent in human life, it is
important that they gain sufficient understanding of the
people, objects, and spaces around them [5], [6]. One major
challenge is giving robots the ability to detect people in
unpredictable human-centric environments [7], and to enable
them to respond and adapt to dynamic situations quickly.
These challenges are even greater when humans and robots
are both in motion [8], and when they perform time-sensitive
tasks [9], [10].
However, pedestrian and object detection algorithms are
computationally expensive. The most common methods incorporate a multi-scaled sliding window approach, followed
by a classifier to determine whether or not an object in
question exists in an image. This equates to searching each
pixel for detection candidates, which leads to computationally demanding loads that are counter-productive to robots
which should ideally process images in real-time.
One solution to speed up detection algorithms is to use
more powerful hardware (i.e. more GPUs). However, this
is not always feasible because compact and power efficient
computing systems are needed for mobile robots.
Rather than have a robot’s attention divided among every
possible location in an image, it can be given guidance about
where to look. For example, autonomous vehicles require
fast detection algorithms to ensure the safety of pedestrians
and other inhabitants of the road. Vision-based algorithms
(in contrast to LIDAR and RADAR techniques [11]–[13])
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typically exploit road geometry for ground-plane and sky
estimation to increase detection speed [14], [15].
In more general applications where ground-plane estimation is not always tractable, proposal generators provide a
better alternative. Proposal generators operate to suggest regions of an image that are most likely to contain objects and
people, to alleviate the high computational demands of object
detectors [16]–[19]. This idea stems from neurologicallyinspired vision [20], where salient characteristics are detected
and derived from low-level image features. However, proposal generators are typically trained and designed for static
images that do not represent real-world, naturalistic data (i.e.
containing motion blur, rotation, and distortion).
In robotics, the prominence of RGB-D cameras has aided
in the development of faster object segmentation and simultaneous localization and mapping (SLAM) algorithms [21],
[22]. RGB-D is favored over solely RGB methods, because
they allow geometric and structural information to be extracted from a scene without incurring high computational
overhead [23]. Thus, the processing times of region proposal
generators can be reduced by exploiting depth information.
In this paper, we introduce a new algorithm, Salient Depth
Partitioning (SDP), that extracts regions of interest from
RGB-D images. Our algorithm serves as a basis for “where
a robot should look” and is a preliminary step to object and
people detection, to reduce computation time and minimally
affect detection accuracy. In addition, our algorithm requires
no a priori knowledge of the environment or reliance on geometric constraints. It can work with virtually any detection
algorithm given any calibrated RGB-D image. To validate
SDP’s effectiveness, we integrated it with four state-of-theart pedestrian detectors (HOG and SVM [1], Aggregate
Channel Features [2], Checkerboards [3], and R-CNN [4]),
and found that our algorithm decreases their runtimes by up
to 30% with little to no degradation in detector accuracy.
II. R ELATED W ORK
1

Object detection is a classification problem where an
image must be extensively evaluated to determine where an
object is located. However, computation time is wasted when
a detector performs classification on background regions, or
regions that do not contain objects. Proposal generators have
emerged in the computer vision community as a method
of pruning, to eliminate background regions and improve
detector efficiency [24].
1 To eliminate ambiguity, we note here that object and pedestrian detectors
follow similar algorithmic processes and in many cases, only differ in the
way that they are trained. For this reason, when we refer to “objects”, we
also include pedestrians.
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Fig. 1. The steps of the SDP algorithm. (1) depicts the depth image in its unmodified form, and (2) shows the result of downsampling and Sobel
edge-filtering. (3) removes noise via grid partitioning and edge density thresholding. (4) selects a region in the image using the remaining edges filtered
by (3). The image is subpartitioned in (5), and transformed to accommodate the size of the original image. The transformed points are used in (6), where
a detector is performed on subpartitions of the RGB image.

Object proposal generators typically employ computationally inexpensive algorithms to exploit low-level image features. These features are then leveraged to suggest candidate
regions that are most likely to contain objects. For example,
Zitnick and Dollár introduced EdgeBoxes to predict object
locations by finding regions that contain dense edge features
[25], [26], and Cheng et al. [27] used a sliding window
approach along with gradient features to determine region
candidates. Other methods rely on merging adjacent, similar
pixels to segment objects proposals (c.f. [28]–[30]).
These algorithms can produce on the order of several
thousand image regions – many of which need to removed,
or computation time can be wasted. One common method is
to prune the number of proposals using a cascade approach
[31]. While cascade approaches have shown to excel in object
recognition tasks, they rely on using specific features from
known object instances and cannot be used to detect nonlearned object classes. Thus, they are not suitable for tasks
where robots need the ability to detect and interact with
objects that they are not fully familiar with, or objects outside
of their trained recognition pipelines.
For object proposal algorithms to be effective in robotics,
they must exhibit three characteristics. First, they must have
low computational overhead, or processing times that are
much lower than that of detectors.
Second, object and region proposal algorithms must prune
as much of the background from the image as possible
without removing any actual objects. Thus, it is desirable
that they produce a minimally optimal number of proposals.
Third, object and region proposals should not overlap to
avoid having a detector to redundantly process the same
region multiple times. Although this problem can be somewhat mitigated with cascade approaches, there are no existing
algorithms that directly address this last characteristic.
While there has been much progress for object proposal
generators in computer vision, they are unsuitable for robots.
Current top-performing algorithms are designed for, and
evaluated on static images (i.e. PASCAL VOC dataset [32]).
However, robots are often in situations where several objects (including the robot itself) may simultaneously be in

motion. Non-linear motion blur, random orientation, and
diversification of object scale make conditions for tightly
bounded proposals challenging [3]. Furthermore, current topperforming algorithms are computationally expensive and are
inadequate for achieving real-time performance [24].
One important consideration that current object proposals
fail to address, is to assess how they actually perform
when integrated with detectors. The standard metric evaluates
proposal algorithms by comparing generated regions with
labeled data using intersection over union (IoU) criteria
to derive recall and area under the curve (AUC) scores
[33]. However, we argue that these scores do not provide
substantial evidence about real-world performance, when
applied to state-of-the-art detectors and naturalistic, robotcentric data (c.f. Torralba and Efros [34]).
The literature on object proposal algorithms with regard
to robotics is still fairly recent. Consequently, little work
has been done to include additional modalities in addition to
RGB [35], [36].
To this end, we approach the design of a novel region
cropping algorithm with several observations. To combat
problems with motion blur and occlusion, sparser and larger
region candidates may allow for greater flexibility than
tightly bounded regions. We also posit that regions containing several objects at once will effectively eliminate overlapping proposals and redundant detector processes. Lastly, the
addition of a depth modality, in contrast to solely RGB-based
methods, will allow for faster regions of interest generation.
III. S ALIENT D EPTH PARTITIONING
SDP applies a multimodal approach on RGB-D images
with the observation that adjacent pixels do not drastically
vary in depth, when those pixels belong to the same object.
The main advantage to utilizing depth images for segmentation is that they do not contain textural information of
people and objects, but instead are adept at relaying structural
details about the scene [23]. This allows edges to establish
clear delineations between objects of varying depth. Using
edge detection, we are able to recover ROIs that contain
strongly formed edges, or locations in the image that are
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most likely to contain people and objects. In contrast, large
regions with uniform and gradual depths (e.g. walls, floors,
buildings, sky, etc.) do not contain strong edges.
SDP does not require previous knowledge about the environment, nor does it require training. Instead, it adapts to
what the robot sees. Furthermore, our method can be applied
to virtually any detection algorithm, provided that the input is
a calibrated RGB-D image. In the remainder of this section,
we describe our algorithm (depicted in Figure 1).
A. Faster Edge Detection
Edges describe abrupt variations in depth and can be used
as predictors to object locations. Thus, we can also leverage
detected edges to filter out large non-object regions such as
roads, floors, walls, and the sky. However, edge detection
and filtering adds considerable overhead to processing time,
especially when they are applied via convolution. To reduce
the number of computations, the depth map is first downsampled to a lower resolution.
Given an image Irgb and its corresponding depth map, Id ,
we downscale Id by a factor, γ. The amount of downscaling
largely depends on the resolution of the image. In the extreme
case, downscaling the image by too much will yield a poor
quality edge map because the image will be too small to be
operated on by the convolution filter.
For images of 1280 × 720 resolution, we systematically
tested the scale size to select γ = 4, which we found
to provide an optimal balance of image preservation and
mathematical simplicity (wholly divisible).
Finally, we apply an edge detector to Id0 . In our implementation, we adopted the 3 × 3 Sobel kernel for its low
computation cost and adequate performance, in comparison
to some state-of-the-art edge detectors [37]. We also tested
our algorithm with better performing edge detectors (e.g.
Canny [38] and Laplacian of Gaussian), but found that they
negatively affected the runtime of SDP.
B. Edge Filtering
After edge detection, the resultant edge map may still
contain weakly formed edges due to noise. To remedy this,
Id0 is divided into patches of size 5 × 5 pixels. The density
of each patch is then found by computing the sum of
its contents. If the density of any patch exceeds the edge
sensitivity threshold, ρ, the contents of that patch are not
modified. Conversely, if the density of the patch is less than
ρ, the contents of the partition are erased to produce a filtered
edge map, PId0 . Edge filtering is given by Equation 1.
(
P 0
Id [α, β] > ρ
I0d [α, β] if
PI0d (n, m) =
∅
otherwise
I0
; α = (5n − 4, ..., 5n), β = (5m − 4, ..., 5m) (1)
dN ×M

M
N
, ∀m = 1, ...,
5
5
PId0 (n, m) is a 5 × 5 patch of I0d .
I0d [α, β] is a submatrix of I0d , bounded by rows α and
columns β.

∀n = 1, ...,

ρ is the edge sensitivity threshold.
This method allows us to achieve localized image filtering
with low computational cost. ρ describes the threshold ratio
of edge pixels to background pixels of the depth image, and
its value is selected to remove weakly formed edges. The
impact of parameter ρ is discussed in Section V.
C. ROI Partitioning
Next, we find the minimum and maximum rows and
columns P, containing non-zero elements, to generate a
bounded subregion, ROI. ROI is given by Equation 2.
ROI = P[R, C]

(2)

ROI is a subregion of PN ×M bounded by minimum
and maximum indices of row and column vectors, R
and C, respectively.
R is a row vector containing non-zero values of P.
C is a column vector containing non-zero values of P.
ROI may still contain large subregions, containing no
edges, which may be removed by creating smaller partitions.
To accommodate a detector’s ability to detect objects
of minimum sizes, smaller partitions that cannot possibly
contain detectable objects are removed. For example, if a
detector is only able to detect objects of minimum size
128 × 64 pixels, we remove partitions measuring a height
or width less than 128 and 64 pixels, respectively.
We achieve subpartitioning using a simple plane-sweep
technique to detect the sparsity of empty row or column
vectors in partition ROI, and use an efficient data structure
to dynamically store region boundaries. The subpartitioning
subroutine is presented in Algorithm 1.
Finally, the subpartitions are upscaled by γ to generate
proposals that are consistent with the original image size.
IV. E XPERIMENTAL E VALUATION
SDP is designed to decrease the runtime of any object
detection algorithm and preserve its accuracy. However, it
would be impractical to evaluate the effects of SDP on all of
them. Instead, we test SDP within the context of pedestrian
detection, which we argue is a suitable and noisy testbed to
allow us to evaluate it for robustness.
In our experiment, we selected four state-of-the-art pedestrian detection algorithms: Histogram of Oriented Gradients (HOG) and SVM, Aggregate Channel Features (ACF),
Checkerboards, and R-CNN.
Despite its age, Dalal and Trigg’s HOG [1] is still widely
used in modern detection algorithms, and is regarded by
many as the best standalone feature descriptor [39]. The
HOG and SVM detector exploits gradient features, which
are discretized to enable greater detector immunity, when
objects are arbitrary oriented.
Stemming from gradient-based approaches, Dollár et al.
[2] proposed ACF, which runs significantly faster and as accurately as the state-of-the-art object detectors. Their method
derives feature pyramids to be automatically extrapolated
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A. Data Acquisition and Experimental Methodology

Algorithm 1: Subpartitioning(ROI, T )
Create partitions from a binary image by detecting sparsity of empty regions.
Input : ROI is a binary image mask of size N × M .
T is the detector’s minimum detection
dimension.
Output: S list containing row or column indices of
subpartitions.

We required depth images of formidable quality, that are
also calibrated to the RGB images to test our algorithm.
However, existing datasets (such as PASCAL VOC [32],
INRIA [1], ETH [41], TUD-Brussells [42], and Caltech [43])
do not contain spatiotemporal RGB-D images of pedestrians.
Therefore, we created our own RGB-D pedestrian dataset.
Video was recorded with the ZED stereo camera system
[44] at 1280 × 720 resolution at approximately 8 frames per
second. We note here that we used the ZED camera as an
alternative to the Microsoft Kinect, because it is the most
economical camera with the farthest depth ranging ability
(up to 30 meters) at the time of writing.
Additionally, we wanted to strictly control for consistent
motion and speed across both indoor and outdoor data. To
simulate mobile robot vision, we attached the ZED to a handwheeled cart which was pushed at a constant walking pace.
The camera was also panned to mimic active vision.
Our dataset consists of images recorded in two hallways
and at two outdoor locations. Each location consists of
unique geometric landscapes, corridors, occlusive objects,
lighting, and variable foot traffic to simulate environments
that an autonomous mobile robot may traverse. In total, our
dataset contains approximately 3400 RGB-D images.
To obtain ground truth labels, every video frame was
annotated with bounding boxes around the location of all
visible upright humans in the scene.
For our experiments, we used a laptop equipped with an
Intel i7-6700 CPU and 8GB RAM. We selected this platform
for its compact size, which could reasonably be used on a
mobile robotic platform. All experiments were conducted in
MATLAB solely using CPU resources.

sweep list = {} // list containing the indices of
non-zero valued row or column vectors.
f lag start count = false // if true, initialize the
counting of consecutive zero-valued columns or rows.
empty count = 0 // counter corresponding to the
number of consecutive zero-valued columns or rows.
for m = 1 to M do
if empty count > T then
if f lag start count = true then
S.append(min(sweep list))
f lag start count = f alse
end
if ROI[N, m].sum > 0 then
S.append(max(sweep list))
f lag start count = true
sweep list = {}
end
end
if ROI[N, m].sum = 0 then
sweep list.append(m)
increment empty count by 1
else
empty count = 0
sweep list = {}
end
end
Return S

V. R ESULTS
Here, we present our results for SDP with regards to
execution time, detection accuracy, and computation cost,
and discuss their implication in Section VI.

from nearby scales. This allows for quick feature approximations, rather than have explicit time-consuming computations
performed at every scale.
Zhang et al. [3], [39] introduced the Checkerboards algorithm, using Filtered Channel Features as an extension
of ACF. Using features such as an alternate color space
(CIELUV) and HOG, they were able to show that their
algorithm produced improved precision and recall scores
over the current top-performing pedestrian detectors.
Lately, Convolutional Neural Networks (CNNs) have
gained prominence in the computer vision and robotics communities due their adeptness at deriving highly discriminant
features. As a result, they have been shown to achieve high
recall and precision scores, when used for purposes like object and pedestrian detection. To increase the breadth of our
study, we tested SDP with the Region-based Convolutional
Network (R-CNN) proposed by Ross et al. [4], along with its
pedestrian-trained variant, made public by Tome et al. [40].

A. Execution Time
We measured the cumulative execution time of SDP fused
with each of the baseline algorithms (HOG and SVM, ACF,
Checkerboards, R-CNN). The threshold parameter, ρ, was
incrementally varied to show performance cutoff as edge
sensitivity is decreased. Each of the baseline algorithms were
also tested, independently of SDP (shown in Figure 2).
We found that SDP reduces the execution time of HOG
and SVM, ACF, and Checkerboards by up to 30%. Our
results show that execution time is inversely proportional to
the value of ρ, which demonstrates that SDP was able to
abstractly speed up these detectors without modification.
Interestingly, when compared with the other detectors, we
found that SDP produced the opposite effect for R-CNN,
where execution time is proportional to ρ.
B. Detection Accuracy
We evaluated the detection accuracy of SDP to account
for the detectors’ ability to both generate correct predictions,
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Fig. 2. Cumulative execution times of several state-of-the-art detection algorithms integrated to SDP, for varying values of ρ - lower execution time is
better. Note that we only select ρ values that depict interesting changes in detection behavior. The baseline (detection algorithms without SDP integration)
algorithms are depicted in red, and do not have a ρ value.

Fig. 3. Detection accuracy vs. intersection over union of several state-of-the-art detection algorithms integrated with SDP, for varying values of ρ. These
curves correspond to the execution times shown in Figure 2. The baseline (detection algorithms without SDP integration) algorithms are depicted in red,
and do not have a ρ value. A ρ curve that more closely matches the baseline curve means lower degradation in detection performance.

while minimally generating false positives. Here, we measure
the detection accuracy of SDP fused with each of the baseline
algorithms performed on our dataset, using the IoU bounding
box criteria found in [25], [32]. We also use the same
evaluation on each of the baseline algorithms independently
of SDP. To account for variability in human poses (e.g.
stretched out arms, differences in gait), we select a base δ
value of 0.5, or the standard value in the pedestrian tracking
literature [3]. The IoU metric is given by Equation 3.
P ∩ GT
≥δ
P ∪ GT
0≤δ≤1

predictions in the case that no ground truth labels exist – in
this case, no pedestrians are in the image, and the detector
does not make a prediction. Using this criteria, we define
detection accuracy in Equation 4.
TP + TN
TP + TN + FP + FN
T P is the total number of true positives.
T N is the total number of true negatives.
F P is the total number of false positives.
F N is the total number of false negatives.
ACC =

(4)

(3)

P is a rectangular bounding box predicted by a detector.
GT is a ground truth rectangular bounding box.
δ is the IoU threshold.
In IoU, predicted and labeled bounded boxes are paired
according to best-fit linear assignment, solved using the
Jonker-Volgenant algorithm [45]. If the IoU between a pair
of bounding boxes equals or exceeds δ, the prediction
qualifies as a true positive; otherwise, an IoU score less
than the threshold designates the prediction a false positive.
False negatives correspond to labeled bounding boxes that
do not have prediction pairings, and are otherwise missed
detections. A true negative corresponds to no pedestrian

SDP possesses differences from proposal algorithms, and
is instead characterized as a region cropping algorithm.
Rather than generate a number of object proposals, our algorithm generates sparse regions containing multiple objects.
Consequently, we cannot apply the same metrics (i.e.
recall/AUC/detection accuracy vs. number of proposals) as
those of proposal algorithms. Instead, we measure detection
accuracy as a function of ρ, the edge threshold sensitivity
(previously discussed in section III), which directly correlates
to the quality of proposed regions.
Furthermore, our algorithm extensively relies on depth
information, so the performance of SDP also depends on the
camera’s ability to capture depth at longer ranges. Therefore,
to test the performance of our algorithm, we remove predic-
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Fig. 4. RGB-D images depicting the limitations of the ZED camera at
various ranges. A pedestrian is observed from the ZED stereo camera at
5m (left), 10m (center), and 15m (right); the pedestrian is no longer visible
in the depth map at 15m.

tions and ground truth labels of pedestrians captured beyond
the range limitations of our camera. From our measurements,
we estimate that the ZED can capture the depth of pedestrians
within 13 meters distance at 1280 × 720 resolution, which
measures to approximately 154 × 64 pixels. Figure 4 depicts
the depth limitations of the ZED camera.
Figure 3 presents the detection accuracy of SDP in conjunction with each of the selected algorithms; the baseline
detection accuracy are also shown. Across all algorithms,
there was minimal degradation in performance for ρ = 5,
which suggests that SDP does not affect detection accuracy
for ρ < 6. There is significant degradation for all algorithms
at ρ > 5, which is to be expected, because the amount
of image cropping (and number of cropped pedestrians) is
directly proportional to ρ.
C. Computational Throughput
To measure computational throughput of SDP, we executed it on our dataset without an object detector; in this
test, regions are computed, but no classification is performed.
Furthermore, we do not take into account the camera framerate, which we consider to be independent of the algorithm.
We report an average throughput of approximately 77
frames per second (approximately 13 ms per image), which
is suitable for robots and real-time purposes.
VI. D ISCUSSION
In this paper, we introduced SDP, and showed that it
substantially decreases the execution time of several stateof-the-art pedestrian detectors, without affecting detection
accuracy. Thus, we expect that other detectors can also be
optimized using region segmentation strategies.
When combined with SDP, the execution times of HOG
and SVM, ACF, and Checkerboards are significantly reduced.
We discovered that the proportional differences in execution
time is dependent on the number of sliding window computations that each algorithm performs. For example, HOG
and SVM uses the most sliding window operations of all the

algorithms in our evaluation, so its execution time benefits
most when more of the image is cropped out.
Contrary to what we expected, the execution time of RCNN increases proportionally with ρ. We believe this to
be caused by R-CNN’s built-in proposal generator, which
caused it to produce extraneous proposals when the original
image is partitioned. Inevitably, the computation time increased because classification is performed on each proposal.
However, it is interesting to see that R-CNN gained a slight
increase in detection performance. This highly suggests that
a greater number of false positives are removed when more
of the image (without sacrificing the integrity of the detector)
is cropped, which supports the hypothesis found in [24].
Detection accuracy degradation was the highest for HOG
and SVM. We postulate that this effect is caused when gradient features, neighbor to pedestrian locations, are removed
after region cropping. Although actual pedestrians are not
removed from the image, region cropping can have an effect
on classification when localized histograms are altered.
Combined with SDP, ACF yielded lower degradation in
detection accuracy at ρ = 5, when compared to ρ = 1. This
is contrary to intuition, where a larger amount of pruning
would expect to yield lower detection accuracy. However, in
the ACF test we found a lower number of false positives for
ρ = 5, than ρ = 1. We attribute this to the same effect (false
positives removed from region cropping) that was observed
in the R-CNN and SDP evaluation.
This suggests that the image features extracted by
Checkerboards are more invariant to region cropping, and
that SDP decreased the runtime of Checkerboards while
preserving the optimal number of detectable pedestrians.
VII. L IMITATIONS
One limitation of our work is that our experiments were
only studied within the context of pedestrian detection, which
we believe to be a noisy testbed to evaluate our algorithm for
robustness. However, the our results are encouraging, which
motivates us to explore how SDP can be integrated to general
object detection algorithms in our future work.
Furthermore, our experimental results showed that SDP
does not perform well with detectors that use an integrated
object proposal generator (i.e. R-CNN). However, our results
could vastly differ if we had direct control over the number
of proposals that R-CNN generates, which we also plan to
investigate in a future study.
VIII. F UTURE W ORK
In summary, we introduced SDP and demonstrated that
detection algorithms can be substantially improved by decreasing computation time, while sacrificing little to no
detection performance. We observed that the computational
throughput of SDP (approximately 77 frames per second
without classification) is negligibly low, and can be easily
adapted to any RGB-D vision pipeline.
In our future work, we intend to test SDP on new RGB-D
cameras as they become commercially available, to see how
well our algorithm will scale to more precise depth data.
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Additionally, we plan to use SDP to pre-process existing
low-power, low-computational algorithms for mobile robots,
such as UV sky segmentation [46], RatSLAM [47], and SeqSLAM [48]. With the study of our algorithm in conjunction
with these other algorithms, we can gain a better sense of
performance when robots exhibit different types of motion.
Other possible areas for exploration include incorporating
a probabilistic framework that combines saliency [20] techniques with our algorithm. This will improve our method by
combining RGB and depth modalities to formulate stronger
hypotheses for candidate regions of interest. Optimizations
for pedestrian detection can be further enhanced using trajectory prediction and motion priors, which can further reduce
the image search space for previously detected humans and
provide greater immunity to occlusion.
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