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ABSTRACT
Hand-object interaction is important for many applications
such as augmented reality, medical application, and human-
robot interaction. To understand hand-object interaction,
hand segmentation is a necessary pre-process. However, cur-
rent method is based on color information which is not robust
to objects with skin color, skin pigment difference, and light
condition variations. Therefore, we propose the first hand
segmentation method for hand-object interaction using only
depth map. The proposed method includes randomized de-
cision forest (RDF), bilateral filtering, decision adjustment,
and post-processing. We demonstrate the effectiveness of the
method by testing for five objects. The method achieves the
average F1 score of 0.8409 and 0.8163 for the same object
and new object, respectively. Also, the method takes less than
10ms to process each frame.

Index Terms— Hand segmentation, human-computer in-
teraction, randomized decision forest

1. INTRODUCTION

Recently, with the expansion of virtual reality (VR), aug-
mented reality (AR), robotics, and user interfaces in auto-
mobile, the development of new interaction technologies has
become unavoidable since these applications require more
natural interaction methods rather than input devices. For
these applications, many researches have been conducted
such as gesture recognition and hand pose estimation. How-
ever, most technologies focus on understanding interactions
which do not involve touching or handling any real world
object although understanding interactions with objects is im-
portant in many applications. We believe that this is because
hand segmentation is much more difficult in hand-object in-
teraction. Thus, we propose and analyze hand segmentation
for hand-object interaction using depth map.

1.1. Related work

Hand segmentation has been studied for many extensions
such as hand pose estimation, tracking, and gesture/sign
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recognition. In color image based methods, skin color based
method has been popular for the segmentation of hand, face,
and other body part [1–6]. Alternative method is using a color
glove [7]. For depth map based method, popular methods in-
volve using a black wrist band or using randomized decision
forest (RDF). The method using a black wrist band is simple
and effective, however, is inconvenient and unnatural because
of wearing a black wrist band [8–10]. Importantly, since this
method processes segmentation by finding connected com-
ponents, the object in interaction cannot be separated from
hand. In RDF-based method, Tompson et al. collected dataset
and trained a RDF classifier to perform segmentation [11].
Sharp et al. first estimated a rough hand position using mo-
tion extrapolation, a hand detector, or the hand position from
Kinect skeletal tracker [12]. Then RDF was applied to pro-
cess segmentation. Both methods did not consider touching
or handling any object.

For hand-object interaction, to our knowledge, all the pro-
posed system uses color information to process hand segmen-
tation. Oikonomidis et al. and Romero et al. segmented hand
by thresholding skin color in HSV space [13–16]. Wang et
al. processed hand segmentation using a learned probabilis-
tic model where the model is constructed from the color his-
togram of the first frame [17]. Tzionas et al. applied skin
color based segmentation using Gaussian mixture model [18].
However, skin color based segmentation has limitations in in-
teracting with objects in skin color, segmenting from other
body parts such as arm or face, skin pigment difference, and
light condition variations.

Therefore, we propose the first hand segmentation method
for hand-object interaction using only depth map to avoid the
limitations of skin color based method.

2. METHOD

2.1. Dataset

Dataset is collected using both a depth sensor and a color
camera in the Sprout by HP. The dataset includes both touch-
ing/handling an object and articulating hand alone so that the
trained model can be used for both cases. During data collec-
tion, the subject wears a blue color glove to estimate ground
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(a) (b)

Fig. 1. Example of collected data. (a) Depth map. (b) Ground
truth segmentation.

(a) (b) (c) (d) (e)

Fig. 2. Objects in dataset. The dimensions for each object
in cm are (a) top radius: 4.3, bottom radius: 3, height: 10.5;
(b) top radius: 4.3, bottom radius: 2.9, height: 9.5; (c) radius:
3.1; (d) width: 10, height: 16.4, depth: 5.3; (e) width: 7.8,
height: 14.7, depth: 2.5.

truth segmentation of hand using the corresponding color im-
age of each depth map. Except for this purpose, color im-
ages are not used in any other processing step. Each pixel on
color image is classified to potential hand region using both
HSV representation and YCrCb representation of the image.
Among the classified pixels, the largest blob is selected as
hand blob. Figure 1 shows an example of collected data. Fig-
ure 2 shows the five objects which are considered including
two cups, one ball, and two boxes. For each object, 5,000
images are collected.

2.2. Randomized decision forests

2.2.1. Training

To train RDF, we need to determine the size of the model and
training data. We decide to train 10 trees for each experimen-
tal case and to limit the maximum depth of tree to 20. For
training data, we randomly sample 1,000 pixels from hand re-
gion and another 1,000 pixels from non-hand region on each
depth map. Training data is sampled only from the pixels with
non-zero depth.

As proposed by [19], at each node in a tree, we train offset
parameter vector θ in feature computation and threshold t to
compare with computed feature value. The offset parameter
vector θ ∈ R4 consists of two separate offsets u ∈ R2 and
v ∈ R2. The two offsets are used to compute scalar feature

value for each sampled data x using the following equation:

fθ(I,x) = dI

(
x+

u

dI(x)

)
− dI

(
x+

v

dI(x)

)
(1)

where dI(x) is the depth at pixel x on image I . If the depth
at pixel is less than 10mm, the depth value is replaced to the
maximum depth on the corresponding depth map. By com-
paring the computed feature fθ(I,x) to threshold t, the sam-
pled data x is classified to left child or right child.

To train offset parameter vector θ and threshold t, we gen-
erate 100 vectors for offset candidates and 50 scalar values
for threshold candidates. The offset candidates are randomly
generated from linear distribution. For half of offset candi-
dates, one offset (either u or v) is fixed as (0, 0). The thresh-
old candidates are linearly distributed with a fixed step size.
The range of offset candidates and that of threshold candi-
dates are [−0.4m, 0.4m] and [−0.2m, 0.2m], respectively.

For each offset candidate, a computed feature vector is
generated using the feature computation equation, where each
component in the feature vector corresponds to each sampled
pixel. Then using each computed feature vector, distribution
pd is computed for each threshold candidate where distribu-
tion pd consists of four probabilities pd(c, h). c and h are
child parameter and class parameter, respectively.

Using the computed distributions at each node, offset pa-
rameter vector and threshold are determined as the parameters
with the maximum information gain. The information gain g
is computed as follow:

g =
∑

c∈{l,r}

∑
h∈{0,1}

n(c)

n(l) + n(r)
pd(c, h) log pd(c, h) (2)

where c is the parameter for left child l or right child r, h is
the class parameter for hand 1 or non-hand 0, and n(·) is the
number of samples.

Training is repeated at each node until it meets termina-
tion condition. The condition is based on (1) the maximum
depth of tree, (2) distribution, and (3) the portion of remain-
ing pixels at the node. For the distribution, if the probability
of a class at a child is larger than the pre-defined probability,
the child becomes a leaf node. The pre-defined probability is
set to 0.95. For the portion of remaining pixels, if the number
of remaining pixels at the node is less than 0.01%, the child
becomes a leaf node. For leaf node, the distribution is stored
for classification in testing.

2.2.2. Testing

Probability map is computed from depth map using trained
RDF. Each pixel on depth map is classified to left child or
right child until it reaches a leaf node. When it reaches a leaf
node, the corresponding probability is read from stored dis-
tribution. This process is repeated for each tree in the forest.
After processing with entire trees, each pixel on computed



probability map represents average probability of hand class.
The pixels with depth zero on depth map are set to probabil-
ity zero on probability map without processing RDF. In fea-
ture computation, if offset pixel is out of image or has depth
less than 10mm, the depth value is replaced as the maximum
depth on the corresponding depth map.

If classification includes bilateral filtering, final classifica-
tion is processed after applying bilateral filtering on probabil-
ity map. Otherwise, each pixel on probability map is directly
classified based on the probability at each pixel.

2.3. Modified bilateral filter

Modified bilateral filter is applied on probability map to
smooth probability p using pixels with close distance and
similar depth value. Since RDF computes the probability
for each pixel independently, the filter helps to achieve more
stable result.

Unlike generic bilateral filtering whose weights are based
on input image (in this case, probability map), our filter
weights are based on a separate image, depth map [20]. The
filtering is defined as follows:

p̃(x) =
1

w

∑
xi∈Ω

gr(|dI(xi)− dI(x)|)gs(‖xi − x‖)p(xi).

(3)
where p(x) is probability at pixel x, p̃(x) is filtered prob-
ability at pixel x, Ω is pixels within filter radius and depth
difference, and w is normalization term.

w =
∑
xi∈Ω

gr(|dI(xi)− dI(x)|)gs(‖xi − x‖). (4)

gr(·) and gs(·) are Gaussian functions for depth difference r
and distance s from pixel, respectively.

gr(r) = exp

(
− r2

2σ2
r

)
, gs(s) = exp

(
− s2

2σ2
s

)
. (5)

After some experiments using validation dataset, we de-
cide to use the same filter parameters for all the cases because
of simplicity and computational complexity. For some cases,
larger filter radius improves segmentation performance, but
also increases computational costs. The determined parame-
ters are as follows. The radius is 5 pixels, and the maximum
depth difference to be considered is 400mm. Both standard
deviations (σr and σs) are 100.

2.4. Classification decision adjustment

For the probability map from RDF, a parameter for classifica-
tion decision has to be determined. Although the most general
parameter is 0.5 for probability map, we found that it is not
the best parameter for our segmentation. To determine the pa-
rameter, the possible parameters are tested with the step size
of 0.01 using validation dataset. Fig. 3(a) shows F1 score for

(a)

(b)

Fig. 3. Scores of validation dataset depending on thresh-
old. The scores are computed without any filtering and post-
processing. (a) F1 score for each object. (b) Average score.
The maximum F1 score is at the threshold 0.87.

each object depending on threshold. It shows that the trend of
F1 score is similar between different objects. So, we decide
to use the same parameter for classification of entire objects
for generality. Fig. 3(b) shows the average F1 score, preci-
sion, and recall of validation dataset depending on threshold.
From this experiment, we set the parameter to 0.87.

2.5. Post-processing

After classification, the largest blob is detected from classifi-
cation result and is considered as hand. We also restrict the
maximum size of blob on both vertical and horizontal axis.

3. EXPERIMENTAL RESULTS

For quantitative analysis of segmentation performance, we
measure F1 score, precision, and recall. Processing time is
measured using two systems. System 1 has Intel i7-4790K
CPU with 4.00GHz, 15.9GB RAM, and NVIDIA GeForce
GTX TITAN. System 2 has Intel i7-3770 CPU with 3.40GHz,
16.0GB RAM, and NVIDIA GeForce GTX 770. Mainly,
RDF and bilateral filtering are processed on GPU, and post-
processing is processed on CPU. The measured processing



Table 1. Comparison of segmentation result on the same object.
Method Score

Processing time (ms)
Threshold Bilateral

filter
Post-

process Precision Recall F1 score

0.50 - - 0.5952 0.9916 0.7434 - -
- Yes 0.6928 0.9829 0.8122 - -

0.87

- - 0.7318 0.9417 0.8233 4.29 5.01
- Yes 0.7656 0.9338 0.8409 4.83 5.77

Yes - 0.7445 0.9300 0.8264 7.11 8.98
Yes Yes 0.7707 0.9253 0.8404 7.74 9.80

(a) (b) (c) (a) (b) (c)

Fig. 4. Segmentation result. (a) Depth map. (b) Ground truth. (c) Result using RDF in Table 1 with threshold (0.87), bilateral
filtering, and post-processing. The enlarged region is selected for better visualization around the center of hand.

Table 2. Comparison of segmentation result on new object.
Method Score

Thres. Bilateral Post-p. Prec. Recall F1

0.50 - - 0.5578 0.9898 0.7132
- Yes 0.6816 0.9731 0.8012

0.87

- - 0.7017 0.9030 0.7883
- Yes 0.7568 0.8859 0.8144

Yes - 0.7152 0.9012 0.7964
Yes Yes 0.7549 0.8915 0.8163

time also includes reading images from hard drive.

We experiment the proposed method in two approaches.
One is training and testing separate model for each object.
To train and test a model for each object, the dataset of each
object is separated to 50%, 25%, and 25% for training, vali-
dation, and testing, respectively. The average result is shown
in Table 1. The trained RDF achieves F1 score from 0.7434
using only RDF to 0.8409 using decision adjustment and post-
processing. Comparing the two results, precision is improved
from 0.5952 to 0.7656, and recall is decreased from 0.9916
to 0.9338. Decision adjustment and post-processing improve
F1 score 0.0799 and 0.0688, respectively. Average process-
ing time is presented in ms. Overall, the proposed method

achieves more than 100 frames per second.
The other approach is training using four objects and test-

ing on the other object. We experimented all five possible
combination. The average result is shown in Table 2. The
trained RDF achieves F1 score from 0.7132 using only RDF
to 0.8163 using entire proposed method. Comparing the two
results, precision is improved from 0.5578 to 0.7549, and re-
call is decreased from 0.9898 to 0.8915. Decision adjustment
and post-processing improve F1 score 0.0751 and 0.0880, re-
spectively.

4. CONCLUSION

Hand segmentation is a necessary pre-processing step to un-
derstand hand-object interaction. We propose the first hand
segmentation method for hand-object interaction using only
depth map to avoid the limitations of color information such
as the color of objects, skin pigment difference, light condi-
tion variations, and segmentation from other body parts. The
proposed method includes RDF with decision adjustment, bi-
lateral filtering, and post-processing. The method is analyzed
using five objects and using two systems. The result demon-
strates the effectiveness of the method by achieving F1 score
0.8409 and 0.8163 for the same object and new object, re-
spectively, in less than 10ms per frame.
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