
Abstract—Hand detection is a key technology for space human-
robot interaction (SHRI), and the awareness of hand identities is
particularly critical. However, most advanced works have three
limitations, that is, the low detection accuracy of small size
objects, insufficient temporal feature modeling between frames
in videos, the inability of real-time detection. In the paper, a
temporal detector (named TA-RSSD) is proposed based on the
SSD and spatiotemporal long short-term memory (ST-LSTM)
for real-time detection in SHRI applications. Next, based on
online tubelet analysis, a real-time identity-awareness module is
designed for multiple hand object identification. Several notable
properties are described as follows: 1) The hybrid structure of
the Resnet-101 and the SSD improves the detection accuracy of
small objects; 2) Three-level feature pyramidal structure retains
rich semantic information without losing detailed information; 3)
A group of the re-designed temporal attention LSTM (TA-LSTM)
is utilized for three-level feature map modeling, which effectively
achieves background suppression and scale suppression; 4) Low-
level attention maps are used to eliminate in-class similarity
between hand objects, which improves the accuracy of identity-
awareness; 5) A novel association training scheme enhances
the temporal coherence between frames. The proposed model
is evaluated on the SHRI-VID dataset (collected according to
the task requirements), the AU-AIR dataset, and the ImageNet-
VID benchmark. Extensive ablation studies and comparisons on
detection and identity-awareness capacities show the superiority
of the proposed model. Finally, a set of actual testing is conducted
on a space robot, and the results show that the proposed model
achieves a real-time speed and high accuracy.

Index Terms—hand detection, space human-robot interaction,
identity-aware, attention mechanism, SSD.
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L IMITED by various difficulties, such as small space in
the space station/space capsule, the long training period

for astronauts, and various high costs, heavy tasks can only
be completed by a limited number of astronauts [1], [2].
Therefore, space human-robot interaction (SHRI) is a hot
research area in robotic, which aims to assist astronauts
in space missions. Hand gesture-based interaction is a key
technology of SHRI, in which hand object detection, object
identity-awareness, and hand gesture recognition are the main
tasks.

Deep learning-based works, including Recurrent Neu-
ral Networks (RNNs) and Convolutional Neural Networks
(CNNs), have achieved state-of-the-art results on the above-
mentioned tasks. Typically, according to the different de-
tectors, methods can be classified into several categories,
that is, RCNN-based [3], Faster RNN-based [4], Resnet-
based [5], MobileNet [6], SSD-based [7], YOLO-based [8]
, and RetinaNet-based [9] . Among them, SSD-based methods
achieve balanced performance, that is, high detection rate
and high detection speed. This is because the pyramid fea-
ture structure of the SSD can output shallow features and
deeper semantic features effectively. These two features can
be further mined separately by the models. Next, compared
to the RCNN-based and Resnet-based detectors, the one-stage
structure of the SSD provides the possibility of real-time object
detection [10]–[12]. For example, a CNN-based SSD detector
is proposed for synthetic aperture radar target detection in
real-time [13]. An effective 3D-SSD system is designed for
RGB-D based 3D object detection which achieves faster
detection speed [14]. However, these works have the poor
ability to detect small-size targets due to the characteristics
of the SSD structure. Most works focus on static image-based
object detection and offline detection, which cannot meet the
requirements in the real application.

For object detection in videos, tubelet-based methods have
been widely applied, and the main idea is to link all the useful
boxes obtained from each frame. Moreover, the nonmaximum
suppression based modules (NMS) usually works with the
tubelet-based methods to extract the final detection boxes
by suppressing useless and redundancy bounding boxes [15].
Note that most video target detection studies only introduce
multi-frame processing modules after a single-frame detector.
These modules cannot improve the performance of the detec-
tor. For example, several typical models have been extensively
used to study the video-based object detection, such as TCNN
[16], Spatio-Temporal Closed-Loop system [17], TCN [18],
and TPN [19]. The main limitation is the low inspection speed
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Fig. 1. Demonstrate the concept of this study. The purpose is to assign the
unique ID to each object in videos after temporal object detection. The RSSD
and the TA-LSTM group form a detector that outputs the objects surrounded
the accurate detection boxes. Every frame is linked by the real-time identity-
awareness module and then obtaining the object with the corresponding unique
ID in a faster speed.

due to the complicated post-processing scheme.
Multi-object tracking (MOT) is to predict the trajectories

of multi-target, in which the tracking-by-detection strategy
is widely used. The main idea is to detect multiple objects
in a single frame, and then associate these results to form
trajectories [20]. Some typical works are listed as follows:
1) A Near-Online Multi-target Tracking system (NOMT) is
proposed to significantly improve the accuracy of trajectory
prediction [21]; 2) A study on the detector in the MOT task
is carried out, and a model named POI is proposed, including
offline and online versions [22]; 3) A large-scale dataset is
collected, named MOT Challenge, which is a benchmark for
MOT performance evaluation [23]. The main challenges are
mainly embodied in two aspects: 1) Low operating speed due
to two-stage design and complex calculations; 2) Misdiffer-
entiation of target identities due to within-class-similar. Note
that the idea of online tubelet analysis is used to assign the
unique ID to each object, but target trajectory prediction is not
required, so MOT is not a focus of this work.

In the work, the main purpose is to address the real-time
multi-size object detection and identity-awareness problem in
high accuracy and low latency. A real-time SSD-based deep
model with the attention mechanism (named Real-time TA-
RSSD) is proposed for hand detection and identity-awareness
in videos, which has stronger abilities for multiscale feature
extraction and temporal modeling. As illustrated in Fig. 1, the
proposed model can detect multi-size targets across time and
assign the unique ID to each target in real-time. To the best of
our knowledge, an online, real-time, attentional, and identity-
aware temporal detector for SHRI has not been reported by
existing works.

The contributions of the work are summarized as follows:

1) A one-stage detector combing the Resnet-101 and the
SSD is proposed for multiscale hand object detection,
named RSSD. Moreover, based on the idea of a feature
pyramid, a three-level feature extraction structure is de-
signed to balance the modeling of both shallow features
and high-level features. This improves the detection
accuracy and detection speed, especially for small-size
targets.

2) A LSTM-based module is re-designed for useless infor-

mation suppression, including background information
and scale information, named TA-LSTM, in which the
improved forget gate function is motivated by the recent
success of self-mechanisms. The TA-LSTMs that learn
the three-level feature maps separately form a group.
It also links the important information of each frame
together.

3) A real-time identity-awareness algorithm is proposed
based on online tubelet analysis, in which the low-
level attention maps are utilized to accurately distinguish
similar targets in videos. This assigns the unique ID to
each object in extremely high continuity and real-time
speed.

4) An association training scheme is adopted to strengthen
the connection of each frame. The satisfactory results
are achieved on the designed SHRI-VID dataset and
ImageNet VID benchmark database in terms of detection
and identity-awareness.

The remainder of the work is organized as follows: Section
II briefly reviews related work about the SHRI robotics.
Section III describes the proposed method for hand object
detection and real-time multi-size identity-awareness. Section
IV discusses the experimental results. Section V concludes this
work and the future research direction.

II. RELATED WORK

A. SHRI robotic

Since the 1970s, various countries have successively begun
to study space robots for SHRI. The main purpose is to assist
or even replace astronauts in completing space tasks [24].
Many typical space robots are introduced as follows: 1) A
mobile monitor is proposed by the NASA Ames Research
Center which can autonomously navigate onboard the Space
Station, named PSA [25]; 2) A new space robot system is
designed that can fly freely in the Space Station, named SHB
[26]; 3) A miniature satellite is designed to test navigation,
formation flight and control algorithms in microgravity, named
SPHERES [27]. There are two main requirements in space
robot research, that is, free flight in the cabin with a high de-
gree of freedom, and an efficient human-computer interaction
system.

Considering the task requirements, in the paper, a space
robot is applied to assist astronauts to complete specific tasks.
The task requirements are as follows: 1) The space robot can
fly and hover freely in the space capsule; 2) Astronauts can
use hand gestures to control the movement of the space robot;
3) Astronauts use gestures to operate the robot to complete
some tasks. Note that the related system configuration and
physical model are presented in [28] and [29] in details, and
the interaction system of the space robot is the focus in the
work. The interaction process is shown in Fig. 2, the SHRI
platform consists of three parts, that is, space robot, onboard
computer, and air flotation simulator (create a microgravity
environment). Astronauts interact with the space robot face
to face, and the RGB videos can be collected by the Kinect
sensor.
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Fig. 2. Schematic of the interaction process. Videos collected by the Kinect
sensor are as the input, and then the hand object location with the unique
ID can be obtained by the space robot. Air flotation simulator simulates a
microgravity environment that is similar to a space capsule.

B:Begin to control

F:Finish an instruction

D:Data transmission

L:Linear motion

S:Stop control

P:Path tracking

O:Object approaching

R:Rotational motion

Fig. 3. Demonstrate the hand instructions of SHRI. Eight gestures are shown,
the label includes the ASL meaning and the semantic meaning.

Therefore, both multiple hand objects detection and multi-
size hand objects detection in videos are the key technology.
Next, because multiple astronauts can simultaneously operate
the space robot and express complex instructions, it is also
essential to assign a unique ID to each hand target. Besides,
a hand gesture benchmark database is also required that can
enable astronauts and robots to communicate efficiently. Amer-
ican Signal Language (ASL) hand dataset has been widely

applied in the area of human-robot interaction, in which the
representation of 26 English letters are designed [30]. Based
on the ASL dataset, some instructions are designed for SHRI
in the work, as shown in Fig. 3.

B. Motivation and challenges

As is well known, hand gesture detection has proved to be
more difficult, and burdensome than other types of object de-
tection. This is because different gestures have varied greatly,
such as color, shape, size, etc [31]–[33]. Compared to hand
detection for human-robot interaction (HRI), the video object
detection of the SHRI has more challenges.

1) Lower quality data. The robot in the space station is
floating and will shake violently when encountering
interference. This results in more frames of lower qual-
ity in the real-time captured video sequence. These
problematic frames normally fall into the following
categories, i.e., dual blur, bokeh blur, tilt-shift blur, Iris
blur, directional blur, and radial blur. This makes it more
difficult to accurately locate and detect the object in a
frame.

2) Diversified tasks. In this SHRI task, the detector not
only needs to detect the location of the hand but also
needs to recognize the gesture. This requires further
decomposition of the “hand” object into multiple sub-
objects, and each sub-object is regarded as a ready-
to-detect object. This is similar to vehicle detection,
where the model of the vehicle needs to be further
identified. Besides, the same gestures of the left or right
hand represent different commands, and multi-person
collaboration often occurs. Hence, identity-awareness
hand detection is also a unique requirement in SHRI
tasks.

3) More similar gesture commands. Compared to hand
detection in HRI tasks, the gesture commands are more
similar in SHRI tasks. For example, as shown in Fig. 3,
the commands “Linear motion” and “Rotational motion”
are similar, and commands “Stop control” and “Object
approaching” are difficult to distinguish. This makes the
SHRI detection task more difficult.

4) Irregular object size changes. In traditional HRI tasks,
the size of the hand changes regularly, such as get-
ting away and getting closer. However, In SHRI tasks,
multiple astronauts need to move irregularly within a
range of 0.5 meters to 5 meters. This leads to objects of
different sizes in the same frame, and the size of objects
in adjacent frames varies greatly.

5) Amplification of difficulties. The low detection accuracy
of small-scale objects, insufficient temporal information
modeling between frames in videos, the inability of real-
time detection problems in the traditional HRI task can
promote each other with the above challenges, making
the object detection in the SHRI task more difficult.

To solve the above challenges, the following studies are
conducted, including a re-designed backbone, an attentional
temporal modeling module, and an identity-awareness object
detection module.
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Fig. 4. Architecture of the proposed deep model. Each frame is input into the proposed RSSD which consists of the Resnet-101 layers and the SSD layers.
Next, three-level feature maps are input into the corresponding TA-LSTM to form a TA-LSTM group. The feature maps of the hidden state are transferred in
groups between different frames. Then, the classification and regression results of each frame can be obtained. Finally, both the hidden states of the Low-level
TA-LSTM and these results (all the frames) are input into the real-time identity-awareness sub-network to obtain the unique target identity.
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Fig. 5. The structure of the RSSD. The hidden states can be used for
multi-class regression and classification, and the attention map learning. Red
cuboids, and green cuboids, and blue cuboids represent three-level feature
maps, that is, low-level feature maps, medium-level feature maps, and high-
level feature maps, respectively. The same level feature maps share a TA-
LSTM network. CONV denotes the convolutional layer and FC denotes the
full connection layer.

III. PROPOSED METHOD

For the video object detection of the SHRI task, three
steps are the main challenges, i.e., more representative feature
extraction in each static frame, temporal information modeling
between a large number of dynamic frames, and more accurate
real-time identity-awareness object detection. To solve the
above issues, in the section, a temporal detector is proposed,
and the architecture is as shown in Fig. 4. First, the RSSD
is proposed for multi-level feature extraction (as shown in
Part 1). It outputs shallow feature maps that included richer
global information and deeper semantic features contained
high-level representations separately. Next, a group of TA-
LSTM subnetworks is utilized for temporal feature modeling
and attention map extraction (as shown in Part 2). The three
groups of TA-LSTMs simultaneously model the input pyramid
features. The newly added three-layer convolution converts
the feature maps output by the RSSD into a one-dimensional

vector and then inputs it into the TA-LSTM. The feature maps
of the low-level TA-LSTM and the Medium-level LSTM focus
on the location of the object, and that of high-level TA-LSTM
help distinguish the object category. Both features are used
to generate candidate boxes that consist of location features
and semantic features. Attention maps are used to transfer
temporal information frame by frame. After that, the multi-
box regression and classification process is finished, in which
the NMS method, like in [15], is used to generate the optimal
results. Finally, a real-time object identity tracking algorithm
is proposed for assigning a unique identity (ID) to each hand
object (as shown in Part 3). The two types of features in the
candidate boxes are input into this module.

A. RSSD

In this subsection, the main objectives are shown as follows:
1) Extract more representative feature maps with less compu-
tation and short time; 2) Effectively combine the feature maps
that are from the low-level to the high-level; 3) Improve the
detection accuracy and speed of small objects. Therefore, the
RSSD network is proposed based on the SSD network and
Resnet-101 network, in which many layers are re-designed
and replaced, like in [5] and [34] . For obtaining multi-
level features, the idea of pyramid feature structure is also
introduced.

On the one hand, the traditional SSD network is re-designed,
in which the VGG-16 layers are replaced by the Resnet-101
layers, namely, RSSD. The rationale for this improvement is as
follows: 1)Resnet-101 has better feature extraction capabilities
than VGG-16, especially for small objects; 2) Both have
similar structural complexity to ensure a real-time operation;
3) The shortcut connection in Resnet-101 balances the re-
lationship between increased network depth and decreased



performance. The structure of the improved network is shown
in Fig. 5. The layers are the convolution operations (like the
structure in Resnet-101), namely, Conv1, Conv2, Conv3,
Conv4, and Conv5; the channel number of the fourth layer
(Conv4) is converted to 1024; fc6 is the full connection layer.
The size of input image is 300×300, and then the sizes of the
following layers are 300×300×64, 150×150×128, 75×75×256,
38×38×1024, 19×19×1024, and 19×19×1024, respectively.
Next, the last four layers are similar to the structure of the
traditional SSD network, namely, Conv7, Conv8, Conv9,
and Conv10, whose sizes are 10×10×512, 5×5×512, 3×3×256,
and 1×1×256, respectively (the channel number of Conv8 is
converted to 512). Note that the reasons for the change in the
number of channels are summarized as follows: 1) Construct
the pyramid feature transfer structure to obtain features with
more semantic information and detailed information; 2) The
feature maps need to have the same number of channels when
they are input into LSTM-based networks.

On the other hand, the idea of feature pyramid network (FP)
is introduced to balance the relationship between semantic
information and detailed information in the same input frame.
The rationale for this improvement is as follows: 1) Features
are gradually extracted as the depth of the network increases,
semantic information is gradually enriched, and detailed in-
formation is gradually lost; 2) Feature maps with rich details
are more conducive to the detection of small objects; 3) The
increase of semantic information can bring higher detection ac-
curacy. Specifically, as shown in Fig. 5 (red areas, green areas,
and blue areas), six convolution layers are combined into the
FP structure, that is, Conv4, Conv5, Conv7, Conv8, Conv9,
and Conv10. These layers are divided into three parts, so three
types of multiscale feature maps are obtained. According to the
layer order and multiscale, three parts are denoted as low-level
part (Conv4: 38×38×1024, Conv5: 19×19×1024), medium-
level part (Conv7: 10×10×512, Conv8: 5×5×512), and high-
level part (Conv7: 3×3×256, Conv8: 1×1×256). The three
parts are respectively input into the improved LSTM-based
network to perform their own temporal modeling, which can
achieve precise detection of small objects.

B. TA-LSTM

It is known that the number of useless background fea-
ture maps is much larger than that of object feature maps,
especially in small object detection. Feature maps of different
scales have very different efficiencies in object detection of
different scales. Therefore, useless background feature sup-
pression and useless multiscale feature suppression are the
main challenges. In this subsection, a LSTM-based network is
proposed to suppress these useless features, in which the inte-
grated temporal attention mechanism and multiple convolution
operations are utilized, namely, TA-LSTM, and three TA-
LSTM sub-networks form a group. The group of TA-LSTM
and the corresponding input are described as follows (as shown
in Fig. 6): 1) Three parallel TA-LSTM sub-networks are de-
signed and each sub-network has a unique input; 2) Three-level
feature maps that obtained from RSSD and FP (that is, low-
level feature maps, medium-level feature maps, and high-level
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Fig. 6. The structure of the group TA-LSTM. It links the hidden states of
each frame, and the feature maps in the hidden layer are transferred between
each TA-LSTM.

feature maps) are individually input into each sub-network;
3) The group of TA-LSTM with different scale feature maps
are formed, namely, Low-level TA-LSTM, Medium-level TA-
LSTM, and High-level TA-LSTM, respectively. In this group,
shadow features are learned in Low-level TA-LSTM that
contain more detailed information; high-level features are
learned in the High-level TA-LSTM that cover more semantic
information; Medium-level TA-LSTM serves to promote and
correct the other two sub-networks.

Because three TA-LSTM sub-networks have the same struc-
ture, the structure of Low-level TA-LSTM is described in
details (the attention maps in this sub-network is the key
for online object identity tracking). In TA-LSTM, a temporal
attention mechanism is integrated into LSTM-based network
rather than just assigning weights to each frame externally.
The main idea of attention mechanism is to focus on the most
important part, such as frames and feature maps. Therefore,
a forget gate in LSTM is re-designed to recall and retain the
most useful feature maps what are related to the detection
objects, and then these feature maps are learned in TA-LSTM
and transferred between frames.

iTAt = σ(wi ⊗ hkt−1 + wi ⊗ st + bi)
gTAt = tanh(wg ⊗ hkt−1 + wg ⊗ st + bg)

mk
t = iTAt

′ � gTAt
′
+ fTAt

′ �mk−1
t

ot = σ(wo[st, h
k
t−1, c

k
t ,m

k
t ] + bo)

hkt = ot � tanh(wh[c
k
t ,m

k
t ])

(1)

pcontrolt = σ(wp ⊗ [st, h
k
t−1] + bp)

fTAt = softmax(pcontrolt [ckt−τ,t−1]
T) · ckt−τ,t−1

(2)

ckt = iTAt � gTAt + LayerNorm(ckt−1 + fTAt ) (3)

The TA-LSTM can be formulated as (1), (2), and (3). Where
iTAt and gTAt are the input gates, ot is the output gate, fTAt is
the forget gates; ckt ,mk

t , and hkt are the memory states, the
spatiotemporal memory states, and hidden states, respectively;
⊗ is the convolution operation and � is the Hadamard product;



w and b are the corresponding weights and bias, respectively.
In (1), the update functions are the main body of TA-LSTM,
like E3D-LSTM [35] and the self-attention mechanism [36],
but the Hadamard product is replaced by the convolution
operation. In (2), fTAt is the re-designed forget gate function
which can retain long-term global useful features and forget
useless features. This is because that memory control gate
pcontrolt is proposed to locate the key historical memories,
in which the relationship between the input vectors st and
the previous hidden states h(t−1) are learned. Where ckt−τ,t−1
is the memory state from time t − τ to time t − 1 ; the
probability of the key features and frames can be given by the
softmax function. Note that fTAt can select the most important
features for modeling in TA-LSTM, and at the same time, TA-
LSTM also provides fTAt with temporal features to improve
its attention ability. In (3), the new memory states ckt can be
obtained, where the LayerNorm function is a universal method
of eliminating the covariance shift.

The proposed TA-LSTM network is re-designed based on
the standard spatiotemporal LSTM (ST-LSTM) network, the
improvements are highlight in yellow, as shown in Fig. 7. In
TA-LSTM, the low-level feature maps, the previous hidden
states hkt−1 , and the previous memory states ckt−τ,t−1 are
input into TA-LSTM. First, the low-level feature maps undergo
three convolution operations, that is, 3×3×1024, 3×3×1024,
and 3×3×1, and then a one-channel attention map is obtained.
Although the input gate can determine the entry of useful
features, the useless background information and scale infor-
mation need to be suppressed by the forgetting gate. Note
that the update functions for each gate has been described in
details, and the feature maps flow in TA-LSTM at the same
size.

C. Real-time indentity-aware algorithm

Tubelet, that is, the sequence of object detection boxes in
each frame, which is the key technology to detect and localize
object in video. Specifically, each frame is input into object
detection network for still images, like the SSD network,
and then detection boxes with scores and confidences that
correspond to one object can be obtained in each frame.
The sequence formed by sorting these boxes according to
their confidence parameters is the tubelet, and sequences from
different targets form their corresponding tubelet respectively
[37]. Therefore, tubelet-based methods are suitable for object
identity tracking. In [16], the T-CNN achieves good results for
tracking and detecting objects in video, each object is assigned
to a unique ID. Promoted by [38] , [39], and [40], a real-
time hand indentity-aware algorithm is proposed, in which two
main improvements are achieved, including the excellent real-
time capability and the less computation. On the other hand,
feature maps extracted from the input frame share high with-
similar in the class, means that they are not suitable for real-
time object distinguish. To solve this problem, attention maps
are utilized to online object association, because the attention
map can represent the difference of the saliency mass between
different objects. In this part, attention maps obtained from the
Low-level TA-LSTM network are utilized. This is because that
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Fig. 7. Comparison of the standard ST-LSTM and the proposed TA-LSTM.
The yellow highlighted areas mean the improved gates and new designed
structures, including a new designed forget gate, an introduced convolution
structure, and the improved multiple gate functions.

shallow features contain more detailed information, and using
extracted vectors with less size to reduce computational cost.

In this proposed algorithm, the object identity matching
and tracking in the video stream are performed by combining
the previous training results of each frame without additional
training. Note that attention maps are obtained from Low-level
TA-LSTM, and tubelets are formed by boxes that obtained
from RSSD and the groups of TA-LSTM. In this part, some
related key parameters are shown as follows: 1) Tubelet and
object are denoted as tube and obj, respectively; 2) The
correlation of both objects obtained by attention maps is
denoted as attention correlation ACi,j , as shown in (4), where
AMV is the vector obtained from the low-level attention maps;
3) The correlation of a tubelet and an object is denoted as
Ctube,obj , as shown in (5), where the IoU function is widely
used to select the best matching boxes, tube[n] is the range
of concerned objects (note that n ∈ {0, 1, 2......N} , 0 is the
recent object and N is the remote object), tube LEN is the
length of a tublete.

ACi,j =
AMViAMVj

‖AMVi‖ ‖AMVj‖
(4)

Ctube,obj =

exp(IoU(obj, tube[0]))× (
∑
n∈N

ACn,obj)

tube LEN
(5)

The flowchart of the proposed algorithm is shown as Fig.
8, some key details are described as follows: 1) CAT ,
UNI ID, tube[CAT ], CAND, CAND[ID], LoE, tMT ,
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Fig. 8. Real-time identity-aware algorithm flowchart.

tS, and LPs are category, unique identity, tubelet category
(each tubelet category corresponds to an object), candidate,
candidate ID (the object corresponds to the possible identity),
the length of computed elements, tubelet march threshold,
tubelet confidence score, and the location parameters of the
box, respectively; 2) Three key parameters, including tMT , tS
, and tube LEN are selected through separate experiments; 3)
Each tubelet consists of two parameters, namely, a unique ID
and possible objects; 4) Each object includes three parameters,
that is, CS, LPs, and AMC; 5) obj() represents the identity
of an object, and obj(−1) represents no corresponding identity;
6) When the unique identity of the object is determined, the
tubelet category can be updated.

D. Model training

To satisfy the requirement, the associate training scheme of
the static frame and video stream is designed. This training
scheme consists of four steps, that is, the confidence loss Lc ,
the location loss Ll , the attention loss Lat , and the association
loss Las . The overall training programme is shown in (6),

where α, β ,δ , and σ are the weights, and Lc,l denotes the
joint training. Note that the training process is only conducted
in RSSD and TA-LSTM, and the identity-awareness algorithm
is conducted without training.

L = αLc,l + δLat + σLas (6)

Lc and Ll are designed in our previous work [34], as shown
in (7). Where N is the number of matched ground truth
boxes, c denotes the confidence score, d denotes the default
box, g denotes the ground truth box, and xi,j represents the
match between the default box and the ground truth box (
xi,j=0 means no match, xi,j=1 means match). The softmax
loss function is utilized for Lc training and the smooth L1

loss function is used for Ll training. β is used to adjust the
proportion of Lc and Ll , and the initial value is 1.

Lc,l(xi,j , c, d, g) =
1

N
(Lc(xi,j , c)+βLlxi,j , d, g) (7)

Lat and Las are designed based on the functions in [38]
and [16]. The cross-entropy function is utilized for Lat train-
ing, and multi-scale attention losses (two low-level attention
losses, two medium-level attention losses, and two high-level
attention losses) are added up to obtain the final loss, as shown
in (8). Where AMg denotes the ground truth attention map,
AMp

k denotes the predicted attention map of the kth scale.

Lat=
6∑
k=1

ϕ(−AMp
k log(AMg)− (1−AMp

k ) log(1−AMg))

(8)
Some static scores can cause a large deviation in the overall

sequence training, and the improper association between the
local single frame and the global sequence can also lead to
lower detection results. Therefore, a self-supervision training
method is proposed to alleviate the influence of the pixel-level
changes in video detection task. As shown in (9), the proposed
association loss function can maintain the time consistency of
multiple frames in video detection. The key idea is to create
a list of local association frame scores with small fluctuation,
named SL. Where, SLt denotes the score list at time t, SL
denotes the average score from time 1 to time t − 1, and
S LEN denotes the length of the selected sequence.

Las =

(
S LEN∑
t=1

SLt − SL)

S LEN
(9)

IV. EXPERIMENTS AND DISCUSSION

A. Experimental settings

The challenge of dataset design is summarize shown in
terms of possible practical applications, that is, the greater
the distance between the SHRI robot and the astronauts, the
more difficult it is to detect and track the hand objects. This
is because the farther the distance, the smaller the scale of
the hand object and the lower the resolution. In the space
capsule, the actual demands are summarized as follows: 1) The
interaction range between the SHRI robot and the astronauts



is 0.5 meters to 5 meters; 2) Both special instructions for
controlling the movement of the SHRI robot and international
collaboration instructions are needed; 3) Real-time detection
and identity tracking of multiple hand objects.

Based on the above facts, a new video dataset is designed for
the interaction between the astronauts and the SHRI platform,
in which both the hand interaction benchmark (American
Signal Language: ASL hand dataset [30]) and the dedicated
control instruction dataset (Space Robot Simple Sign Lan-
guage databases: SRSSL [34]) are integrated together, and
then a large amount of data are also collected according to the
SHRI application needs. Technically, we follow the gestures
of the ASL benchmark to design special control commands
for astronauts. For example, the command “Begin to control”
is denoted as the gesture “B” of the ASL, and more samples
are shown in Fig. 3. This is because most gestures of the
ASL are the benchmark for sign language communication
and are widely applied. All the data of the ASL are added
to the SHRI VID dataset for effective pre-training. Next, to
improve the training effects, a large number of challenging
gesture samples are added that are selected from Egohands
database [41] and VIVA Hand Detection database [42]. Finally,
according to the SHRI application needs, the dataset is divided
into three categories, that is, single-object, multi-object, and
mixed sizes, and five different sizes of data are designed in
each category, that is, XS, S, M , L, and XL (the size of the
target is from small to large). Single-object means that only
one or two objects are in the video, multi-objects means that
more than two objects are in the video, and mixed sizes means
that multi-objects with different sizes are in the video. The
new designed video dataset is named SHRI-VID dataset. Brief
descriptions of the four related datasets are given below: 1)
ASL: it contains gestures corresponding to 26 English letters,
which are easy to understand; 2) SRSSL: it contains dedicated
gestures in four sizes for different interaction ranges, which
is proposed by our previous work; 3) Egohands database:
it contains 48 interactive gesture video samples ; 4) VIVA
Hand Detection database: it contains single and multiple
hand objects with partial body information (a total of 54
videos), which is challenging for hand detection. Finally, to
obtain a comprehensive evaluation, the biggest object detection
benchmark dataset, namely, ImageNet VID dataset [43], is
utilized to test the proposed model. It contains 4000 video
training samples and 555 video verification samples, and 30
types of objects are needed to be detected. Besides, the AU-
AIR dataset [44] is also used to evaluate the performance of
small-scale object detection.

The key experiment setup is as follows: 1) The Caffe
framework and the Ubuntu 16.04 64bit OS system are used in
this study; 2) The training process is conducted under Core i9-
9900K CPU, NVIDIA GeForce GTX 1080ti 11GB GDDR5X,
32GB RAM; 3) For the data training, the initial learning rate is
0.0001, the momentum is 0.9, and the weight decay is 0.005;
4) Both mean average precision (mAP) and frames per second
(FPS) are selected as evaluation indexes. Note that the larger
the value of FPS, the faster the detection speed.

B. Ablation study

In this sub-section, three steps of the ablation study are
conducted on the SHRI-VID dataset, that is, the RSSD per-
formance testing, the TA-LSTM performance testing, and the
real-time performance testing.

Overfitting and slow training speed caused by redundant
parameters are avoided in the RSSD. This is because both
the structure of the Resnet and three levels of feature map
extraction process help reduce the number of parameters, and
it is only about 20% of the traditional SSD. Next, the detection
accuracy is significantly improved. The TA-LSTM group is
utilized to learn feature maps of three scales respectively to
fully learn large-scale objects and small-scale objects. The
following experiments are conducted: 1) The traditional SSD
is tested on the SHRI-VID dataset, named SSD; 2) The first
few layers of the SSD are replaced by the Resnet-101 layers,
named RSSD; 3) The RSSD combined with the traditional
spatiotemporal LSTM (ST-LSTM), named RSSD-ST-LSTM;
4) The RSSD combined with the single TA-LSTM, in which
the highest-level and lowest-level feature maps are learned
together, named RSSD-TA-LSTM; 5) The RSSD combined
with the TA-LSTM group, in which three levels of feature
maps are learned respectively, named RSSD-TA-LSTM-GID.
The verification results are shown in Table I. Comparing
groups 1 and 2, it can be concluded that the mAP significantly
increases by 8.5% because the Resnet is introduced to focus
on the small-size objects. Considering groups 3, 4, and 5, it
is shown that the proposed TA-LSTM enhances the discrimi-
nation ability of the model, and the design of the TA-LSTM
group pays more attention to multi-scale feature maps.

TABLE I
VERIFICATION RESULTS ON THE SHRI-VID DATASET

NO. Methods mPA (%)

1 SSD 75.2
2 RSSD 83.7
3 RSSD-SP-LSTM 85.8
4 RSSD-TA-LSTM 89.1
5 RSSD-TA-LSTM-GID 91.6

As required for the project, both detection accuracy and
detection speed should be balanced. Therefore, the related
models are tested on the SHRI-VID dataset, as shown in Fig.
11, and mAP denotes the detection accuracy and FPS denotes
the detection speed. Note that the proposed model is the
RSSD-TA-LSTM-GID with the real-time object identity track-
ing, so both models have the same detection accuracy; other
related models have been defined above. It can be seen that the
proposed model achieves the real-time speed and the highest
accuracy for hand object detection and identity tracking. The
SSD and the RSSD can run faster than the proposed model,
but their accuracy cannot satisfy the requirement in practical
applications. Although the design of the TA-LSTM group
makes the model structure more complex, the detection speed
is still satisfactory. The proposed model achieves the balance
between the detection accuracy and the detection speed, which
makes it well suited for space human-robot interaction.
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Fig. 9. Qualitative results of the background and scale suppression. The
“blue” area denotes the useless background information and the “red” area is
the ready-to-detect objects. The ST-LSTM is used for comparison.

To demonstrate the validation of the proposed TA-LSTM,
a group of background and size suppression experiments is
carried out. Samples of the SHRI-VID and the ImageNet VID
are selected. The traditional ST-LSTM is used for comparison,
which is widely employed to model spatiotemporal features in
state-of-the-art works. Benefiting from the integrated attention
mechanism, the proposed TA-LSTM employs attention maps
for temporal information mining, but the ST-LSTM utilizes
feature maps to do this. Some qualitative results are shown
in Fig. 9. The closer to “red” denotes the pixels (ready-to-
detect objects) that the model focuses on, while the closer to
“blue” denotes useless background information. For analysis
convenience and easy expression, the visualized result image
has the same resolution as the raw input frame.

Background suppression. As shown in Fig. 9(a), two
challenging samples are employed that are difficult for back-
ground suppression. In frame “Bird”, the object feather color
is similar to that of the background lake, and the lake has
irregular ripples. In frame “Hand”, four hand objects with
different scales are detected, and the background is cluttered.
It can be seen that the proposed TA-LSTM is very effective
for object locating and useless background suppression. The
areas outside the ready-to-detect object are hardly focused
by the proposed model and are all “blue”. Unfortunately, the
traditional ST-LSTM using feature maps focuses on a lot of
useless background information, and the object area is only
roughly focused. Some of them have little contribution to
object detection, and some are false focuses.

Scale suppression. See details in Fig. 9(b). Three frames
with different scales are used to show the performance of scale
suppression. The small-scale object “Airplane” is a challenge
for object detection and attention focus. This evaluation is

more difficult because of the temporal information included.
Other traditional attentional models are effective for scale
suppression in static images, but they cannot keep focusing
on the object of scale changes across time. For example,
the ST-LSTM can roughly focus on the objects in frame
73. But it cannot pay attention to the ready-to-detect area
across time series, such as frames 121 and 183. Especially in
frame 183, the ST-LSTM can no longer accurately locate each
object, but roughly focuses on the area where the object may
appear. This is because the ST-LSTM is confused by useless
background feature maps. Fortunately, the proposed TA-LSTM
can aggregate more and more useful memories over time.

In short, compared to other state-of-the-art LSTM-based
detectors, the proposed model has the following merits.

1) More effective for useless background information
suppression. Both background information and small-
contributed feature maps can be effectively suppressed.
This is benefiting from the mutual promotion of the
temporal attention mechanism and the TA-LSTM group.
That is, the former provides accurate object location
areas to the latter through attention maps, while the
latter provides the attention process with rich temporal
information to produce more clear memories.

2) More effective for scale suppression. Benefiting from
the re-designed forget gate, the proposed TA-LSTM
can aggregate more key features from previous frames.
This temporal learning motivates the proposed model
to accurately keep the focus on ready-to-detect objects
across time.

Temporal coherence between frames. Most static image-
based detectors usually assign a high confidence score to
the complex background and small-contributed feature maps,
which confuses the location of the ready-to-detected objects.
When a certain frame of pixels in a video sequence changes
drastically, it cannot be effectively detected. This is because
these detectors do not solve the problem of temporal coherence
and make full use of inter-frame relationships. Hence, a new
association training scheme is proposed in this work. To
evaluate the effect of the scheme, a group of experiments is
conducted on the ImageNet VID. As shown in Fig. 10(a),
because the “watercraft” objects in frames 282 and 283 are
occluded, the traditional training scheme cannot accurately
detect these frames. Similarly, the “whale” objects in low-
quality frames 127 and 128 are also not detected effectively,
as shown in Fig. 10(b). Fortunately, the proposed detector can
generate similar global memories for each frame to help detect
the current frame by using the association training scheme.
That is, when detecting the current problematic frame, the
proposed model can recall the features of the previous frames
to alleviate the impact of huge changes in pixels. Moreover,
when the small-scale object is occluded (frames 301 and 302)
and the small-scale object is in a low-quality frame (frames
147 and 148), the proposed model can still effectively detect.
The confidence scores are increased by 0.2 to 0.3.

C. Comparison with state-of-the-art methods
As described above, the proposed object detection model

achieves promising results in the area of space real-time hand
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Fig. 10. Effect of the proposed association training scheme for temporal information learning between frames. Two types of challenging frames are used,
including occluded frames and low-quality frames. Detection results using the traditional training scheme are used for comparison. The box labels contain
ID, object category, and confidence score (from left to right). The higher the confidence score, the more reliable the detection result.

TABLE II
COMPARISON RESULTS ON THE IMAGENET VID BENCHMARK DATASET

Methods Based network Training Real-time mPA (%)

Closed-loop [45] VGG Online No 50
Seq-NMS [46] VGG Online No 52.2
Bottleneck-LSTM [47] MobileNet Online Yes 54.4
STMN [48] VGG Offline No 55.6
TCNN [16] Craft Online No 64.5
TSSD-OTA [38] VGG Online Yes 65.4
STSN [49] ResNet Offline No 78.7
T-NMS-Linking [50] ResNet Offline No 80.6
RSSD-TA-LSTM-GID ResNet+VGG Online Yes 64.7

TABLE III
COMPARISON RESULTS ON THE AU-AIR DATASET FOR SMALL-SCALE OBJECT DETECTION

Method Backbone
Category (AP: %)

mAP (%) Speed (FPS)
Human Car Van Truck Bike Motorbike Bus Trailer

YOLOv3-tiny [51] Darknet 34.05 36.3 41.47 47.13 12.34 4.8 51.78 13.95 30.22 18
YOLOv3 [51] Darknet 44.94 52.44 74.63 75.33 53.45 52.53 73.18 52.13 59.83 29
YOLOv4 [52] Darknet 56.36 70.51 79.04 82.58 64.13 61.91 62.62 61.62 67.35 24
MobileNetV2-SSDLite [53] MobileNet 22.86 19.65 34.74 25.73 0.01 0.01 39.63 13.38 19.5 17
RSSD-TA-LSTM-GID ResNet+VGG 57.69 71.94 82.52 83.96 64.83 63.69 80.94 63.35 71.68 23

object detection. However, two obvious questions that also
need to be discussed, that is, how well the detection accuracy
compares to state-of-the-art works, and how does the model
perform on the benchmark. Therefore, the RSSD-TA-LSTM-
GID is tested on the ImageNet VID benchmark dataset, and
the result is compared with other advanced methods, including
online methods and offline methods. Since the ImageNet VID
dataset includes millions of frames and the amount of data
in each category varies greatly, it is difficult to directly train
the data set. In this test, the training scheme follows [54]
and [55], that is, step-by-step training is performed with the
ImageNet DET dataset. The comparison results are shown

in Table II. Most models are designed based on the VGG
and the ResNet, and ResNet-based methods usually achieve
higher detection accuracy, especially for small-scale object
detection. Some methods achieve higher detection accuracy
than the RSSD-TA-LSTM-GID, such as the T-NMS-Linking
and STSN, but they cannot achieve real-time detection, which
is not suitable for this task. This is because the deeper the
network structure achieves better feature extraction, but it
reduces the speed of model operation. Besides, the offline
method trains all frames out of order, which can significantly
improve the model detection accuracy. The detection rate of
the TSSD-OTA has increased by 0.7%, and it also achieves



SSD 44
RSSD 46

RSSD‐SP‐LSTM 37
RSSD‐TA‐LSTM 35

RSSD‐TA‐LSTM‐GID 29

The proposed model 22

0

5

10

15

20

25

30

35

40

45

50

60 65 70 75 80 85 90 95 100

FP
S

mPA (%)

Fig. 11. Speeds and accuracies of the different networks. The red dots
represent the corresponding location; X-axis denotes the detection accuracy
rate, named mAP; Y-axis denotes the detection speed, named FPS. Each label
represents the model (black font) and the corresponding detection speed (green
font).

0:airplane:0.62

XL             L              M   S        XS         Single‐object
M
ulti‐object

M
ixed sizes

0:airplane:0.51 0:airplane:0.72
0:airplane:0.67 0:airplane:0.74

0:airplane:0.991:airplane:0.87

2:airplane:0.993:airplane:0.99
4:airplane:1.0

0:airplane:0.99
1:airplane:0.86

2:airplane:0.99
3:airplane:1.04:airplane:0.99

0:airplane:0.89
1:airplane:0.99

2:airplane:0.99
3:airplane:1.0

4:airplane:1.0

0:airplane:0.71
1:airplane:1.0

2:airplane:1.0
3:airplane:0.99

4:airplane:0.99

0:airplane:0.99

1:airplane:0.99
2:airplane:1.0

3:airplane:1.0

4:airplane:1.0
5:airplane:1.0

6:airplane:0.997:airplane:1.0
8:airplane:0.99

Fig. 12. Detection results on the ImageNet VID benchmark dataset. The label
contains ID, object category, and confidence score (from left to right). XL,
L, M, S, and XS mean different sizes of the object. For clarity, the location
and appearance of the box labels have been adjusted in this figure.

real-time detection (FPS:21), because the model proposes a
special training design for the ImageNet VID dataset. In the
RSSD-TA-LSTM-GID, the fusion design of the ResNet and
the VGG improves the precision of small object detection
and takes into account real-time performance. Some typical
detection results are shown in Fig. 12, it can be concluded that
this model achieves better performance in terms of identity-
awareness, accuracy, and speed.

Note that the confidence score of the XS object is higher
than that of the XL object in terms of the single-object
detection, which is not usually reported by other detectors
without attentional LSTM. This is because the proposed TA-
LSTM group can suppress most feature maps of the large-
scale object. But it is effective for useless background feature
suppression in terms of small-scale object detection. This is
a tradeoff between multi-scale object detection. Besides, the
introduced ResNet aims at extracting feature maps of small-
scale objects, which hinders the modeling of the large-scale
object. Normally, following the commonly used evaluation
index (such as [50], [38], and [16]), a candidate box with
a confidence score higher than 0.5 is considered a reliable
detection box. The proposed detector can slightly reduce the
confidence score of large-scale objects, but it cannot reduce
their overall recognition rate. It is important to emphasize
here that the influence of large-scale object detection is almost
negligible compared to the significant improvement of multi-
scale object detection. It also provides an important alternative
when small object detection is specially required.

On the other hand, small-scale object detection is still a

huge challenge for most state-of-the-art works. To evaluate
the performance of the proposed model, the AU-AIR dataset
is used. This dataset is proposed in 2020 for unmanned aerial
vehicle (UAV) video object detection and is the newest UAV-
related dataset. It consists of 8 types of small-scale objects
collected by the UAV. The experiment settings follow the
work in [44]. See details in Table III. The APs of “Human”
and “Motorbike” are lower than that of others because both
have a smaller pixel ratio. The MobileNetV2-SSDLite cannot
even detect “Bike” and ‘Motorbike”. In contrast, most models
achieve a higher detection accuracy for “Bus” and “Van”
because their pixel ratio is relatively large. Hence, we focus on
comparing the detection performance of the proposed model
on “Human” and “Motorbike”. It can be seen that the proposed
model achieves the highest detection rate, which is 1.33% and
1.78% higher than the state-of-the-art YOLOv4 detector. The
mAP is 4.33% and 11.85% higher than that of YOLOv4 and
YOLOv3, respectively. This is benefiting from the excellent
background suppression and inter-frame temporal information
mining of the proposed model. Additionally, the difference
between the detection speeds of the proposed model (23 FPS)
and the YOLOv4 (24 FPS) is negligible. Compared to the
YOLOv3, the proposed model achieves a significant increase
in detection rate with a satisfactory real-time detection speed.

Discussion. See details in Tables I, II, and III. Many
efficient and concise models are used for comparison, such as
the SSD, the RSSD, the YOLOv3, the YOLOv4, and TCNN.
These models are designed without LSTM-based module and
attentional module. Normally, they are effective for static
image object detection rather than video object detection
because the temporal information between frames cannot be
modeled. Experimental results have shown that these models
cannot obtain any remarkable enhancing effect for video object
detection. They also cannot achieve identity-awareness detec-
tion. As we all know, LSTM-based modules are widely used
for temporal information learning and the attention mechanism
is usually included. Hence, how to combine the LSTM and
the attentional mechanism is an effective way to obtain more
efficient and concise networks. For, example, the external
attention mechanism is widely used in the temporal network,
which leads to a complex structure and a huge computation
cost. Additionally, the calculation method of the vector in
the LSTM-based network is also one of the reasons for the
complexity of the model, such as the widely used feature
map. In this paper, two improvements are proposed to obtain a
more efficient and concise temporal model. First, the attention
mechanism is integrated into the gate structure of the TA-
LSTM to help selectively update memory. Next, attention
maps are used to transfer context between frames that produce
lower computation than other models. Because the length of
the feature vector is 500 times that of the attention vector.
Besides, the training process is not needed in the proposed
identity-awareness sub-module, so it cannot complicate the
proposed model. To the best of our knowledge, in short, the
proposed model is more efficient and concise than other state-
of-the-art temporal models.



TABLE IV
IDENTITY TRACKING PERFORMANCE ON THE SHRI-VID DATASET.↑ MEANS THAT THE LARGER ITS VALUE, THE BETTER THE MODEL PERFORMANCE,

AND VICE VERSA.

Method MT↑ ML↓ FP↓ FN↓ IDS↓ MOTA↑ MOTP↑ FPS↑

Our method 32.60% 18.70% 2857 20245 255 62.70% 77.90% 22

TABLE V
MAPS ON MULTI-SIZE HAND OBJECT DATA

Multi-size data
mAP (%)

FPSXS S M L XL

YOLOv3 [51] 71.5 74.3 75.8 78.6 79.2 30
YOLOv4 [52] 83.6 86.3 89.2 91.4 92.5 24
FF-SSD [34] 86.3 87.8 90 90.3 92.2 20
Our method 87.3 89.6 90.4 92.1 94.3 22
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Fig. 13. Parametric analysis, including tS, and tube LEN .

D. Application in Astronaut–Robot Interaction System

Normally, three key evaluation indexes are utilized in the
area of MOT, that is, the estimated accuracy of object position
(MOTP), the comprehensive tracking performances (MOTA),
and the continuity of identity tracking (IDS). In this task, IDS
needs to be focused on because the main purpose is to evaluate
identity tracking performance.

The key parameters mentioned above should to be deter-
mined. Three parameters, including tubelet march threshold
tMT , tubelet confidence score tS, the length of a tublete
tube LEN are key to influence the performance of the model.
First, the value of tMT is 0.4 that is the confidence threshold
of the RSSD detector. Next, a set of experiments are conducted
in the SHRI-VID dataset to obtain the optimal values of tS
and tube LEN . According to experiment results, as shown in
Fig. 13, if tS = 0.8 and tube LEN = 15, IDS is the smallest
value. IDS records the number of ID exchanges between
two nearby objects. The smaller the value, the stronger the
continuity of identity tracking.

Under the setting of tMT = 0.4, tS = 0.8, and
tube LEN = 15, the proposed method is also tested in the
SHRI-VID dataset. As shown in Table IV, it is concluded that
the proposed model can achieve the satisfactory result for real-
time object identity tracking (FPS: 22). Specifically, mostly
tracked targets (MT) index reaches an acceptable performance,
note that most state-of-the-art online object tracking methods
can reach values between 30%-40%, such as 34% [22], and
32.8% [56]. Mostly lost targets (ML) index achieves better
performance than most advanced models, such as 32.1% and

0:hand:0.51 0:hand:0.78

1:hand:0.74

0:hand:0.65

1:hand:0.95

0:hand:0.74

1:hand:0.94

0:hand:1.0

1:hand:0.99

2:hand:1.01:hand:1.00:hand:1.0 2:hand:0.991:hand:1.00:hand:1.0

3:hand:1.02:hand:0.99

1:hand:0.710:hand:0.88

3:hand:1.0 2:hand:0.99

1:hand:1.00:hand:1.0
0:hand:1.01:hand:1.0

2:hand:0.61
3:hand:0.99

XL    L      M       S   XS  

Sin
gle

-o
b

je
ct

M
u

lti-o
b

je
ct

M
ixe

d
 size

s

Fig. 14. Typical results in the SHRI application. The green label contains
ID, object category, and confidence score (from left to right). XL, L, M ,
S, and XS mean different sizes of the object. For clarity, the location and
appearance of the box labels have been adjusted in this figure.

22.7% [57], note that the industry standard stipulates that
its value below 20% represents excellent model performance.
Both indexes, that is, the total number of false positives (FP)
and the total number of false negatives (FN) also achieve the
satisfactory performance. Three key evaluation metrics, that
is, MOTA, MOTP, and IDS achieve better indexes.

In the application, multi-size hand object detection is the
main challenge, so the following tests are conducted. As shown
in Fig. 14, some typical results obtained in the SHRI appli-
cation are given. Note that the data collection environment
is built according to the SHRI requirements, simulating the
working environment of astronauts in space, including desks
and chairs, consoles, and a range of activities. Promising
results are achieved by the proposed model, which can detect
and track multi-size targets in real-time. As shown in Table
V, the data with different sizes obtained from the SHRI-VID
dataset are used to test models, including XS, S, M , L, and
XL. It can be seen that the proposed model achieves the best
detection results for multi-scale objects. Specifically, the mAPs
of small size objects (such as XS and S) are 1% and 1.8%
higher than the FF-SSD, and 3.7% and 3.3% higher than the



TABLE VI
MAPS ON KEY HAND GESTURES

Gesture B S F P L R O D

XS(%) 87.2 86.7 87.1 87.5 87.3 97.1 86.8 88.8
S(%) 89.7 88.5 88.8 89.3 89.1 88.3 87.6 91.7
M(%) 90.9 90.3 90.5 91.7 91.9 91 90.2 93.5
L(%) 92.3 91.8 92 92.4 92.6 91.4 90.7 94.8
XL(%) 93.1 92.6 91.7 91.5 90.7 91.2 92.5 95.7

mPA (%) 91.5 90.1 90.6 91.2 91.4 90.7 89.2 93.5

YOLOv4. These models can achieve a real-time speed, that
is, the FPS over 20. Next, some common hand gestures used
in the SHRI application are specifically analyzed, as shown in
Table VI. It can be seen that the mAPs of most common hand
gestures are above 90%, which meet the actual needs of the
SHRI.

Please note, for the recognition of different gestures, the
special labels are designed in the SHRI VID dataset. Techni-
cally, gesture recognition is regarded as multi-category object
detection. That is, each gesture is regarded as a type of object,
and its training label is its command category, not the “hand”.
Hence, the output results contain the category of command
gestures. Based on the above, multi-scale gesture recognition
is denoted as the process of multi-scale and multi-class object
detection. This recognition process is also used in [58], [28],
and [34]. For example, the label of the command gesture
“Begin to control” is “B” and that of the command “Stop
control” is “S”. This is motivated by the labels of the ImageNet
VID benchmark. In this benchmark, the 30 types of objects
have their training labels that represent the object category.

V. CONCLUSION

In the paper, a temporal deep model is proposed for real-
time hand gesture detection and identity-awareness in the
SHRI application. The main works of the paper are summa-
rized as follows: 1) A one-stage detector is proposed that
consists of the RSSD and the TA-LSTM, which achieves
satisfactory results in terms of detection accuracy and detection
speed, especially for small objects; 2) Three-level feature maps
learned separately in the TA-LSTM group, that is, high-level
feature maps, medium feature maps, and low-level feature
maps, respectively; 3) Based on the attention mechanism and
ST-LSTM, the TA-LSTM is proposed to suppress useless
information, in which the forget date function and the related
gate functions are re-designed; 4) A new algorithm is proposed
based on tubelet for real-time multiple identity-awareness; 5)
The model evaluation is conducted in the real-word application
and achieves satisfactory results.

In future work, a new module will be proposed for dual
hand detection, in which left and right hands will be accu-
rately distinguished. Besides, a large benchmark database will
be extended according to the SHRI requirements, in which
gestures in a variety of real-world will be classified.

REFERENCES

[1] Y. Gao and S. Chien, “Review on space robotics: Toward top-level
science through space exploration,” Science Robotics, vol. 2, no. 7, 2017.

[2] U. E. Ogenyi, J. Liu, C. Yang, Z. Ju, and H. Liu, “Physical human-
robot collaboration: Robotic systems, learning methods, collaborative
strategies, sensors, and actuators,” IEEE transactions on cybernetics,
2019.

[3] R. Girshick, J. Donahue, T. Darrell, and J. Malik, “Rich feature
hierarchies for accurate object detection and semantic segmentation,”
in Proceedings of the IEEE conference on computer vision and pattern
recognition, 2014, pp. 580–587.

[4] S. Ren, K. He, R. Girshick, and J. Sun, “Faster r-cnn: Towards real-time
object detection with region proposal networks,” in Advances in neural
information processing systems, 2015, pp. 91–99.

[5] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proceedings of the IEEE conference on computer vision
and pattern recognition, 2016, pp. 770–778.

[6] A. G. Howard, M. Zhu, B. Chen, D. Kalenichenko, W. Wang,
T. Weyand, M. Andreetto, and H. Adam, “Mobilenets: Efficient convo-
lutional neural networks for mobile vision applications,” arXiv preprint
arXiv:1704.04861, 2017.

[7] W. Liu, D. Anguelov, D. Erhan, C. Szegedy, S. Reed, C.-Y. Fu, and A. C.
Berg, “Ssd: Single shot multibox detector,” in European conference on
computer vision. Springer, 2016, pp. 21–37.

[8] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You only look
once: Unified, real-time object detection,” in Proceedings of the IEEE
conference on computer vision and pattern recognition, 2016, pp. 779–
788.

[9] T.-Y. Lin, P. Goyal, R. Girshick, K. He, and P. Dollár, “Focal loss
for dense object detection,” in Proceedings of the IEEE international
conference on computer vision, 2017, pp. 2980–2988.

[10] L. Jiao, F. Zhang, F. Liu, S. Yang, L. Li, Z. Feng, and R. Qu, “A
survey of deep learning-based object detection,” IEEE Access, vol. 7,
pp. 128 837–128 868, 2019.

[11] Z. Zou, Z. Shi, Y. Guo, and J. Ye, “Object detection in 20 years: A
survey,” arXiv preprint arXiv:1905.05055, 2019.

[12] X. Chen, Z. Wu, and J. Yu, “Tssd: temporal single-shot detector based
on attention and lstm,” in 2018 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). IEEE, 2018, pp. 1–9.

[13] Z. Wang, L. Du, J. Mao, B. Liu, and D. Yang, “Sar target detection based
on ssd with data augmentation and transfer learning,” IEEE Geoscience
and Remote Sensing Letters, vol. 16, no. 1, pp. 150–154, 2018.

[14] Q. Luo, H. Ma, L. Tang, Y. Wang, and R. Xiong, “3d-ssd: Learning
hierarchical features from rgb-d images for amodal 3d object detection,”
Neurocomputing, vol. 378, pp. 364–374, 2020.

[15] W. Han, P. Khorrami, T. L. Paine, P. Ramachandran, M. Babaeizadeh,
H. Shi, J. Li, S. Yan, and T. S. Huang, “Seq-nms for video object
detection,” arXiv preprint arXiv:1602.08465, 2016.

[16] K. Kang, H. Li, J. Yan, X. Zeng, B. Yang, T. Xiao, C. Zhang, Z. Wang,
R. Wang, X. Wang et al., “T-cnn: Tubelets with convolutional neural
networks for object detection from videos,” IEEE Transactions on
Circuits and Systems for Video Technology, vol. 28, no. 10, pp. 2896–
2907, 2017.

[17] L. Galteri, L. Seidenari, M. Bertini, and A. Del Bimbo, “Spatio-temporal
closed-loop object detection,” IEEE Transactions on Image Processing,
vol. 26, no. 3, pp. 1253–1263, 2017.

[18] K. Kang, W. Ouyang, H. Li, and X. Wang, “Object detection from
video tubelets with convolutional neural networks,” in Proceedings of
the IEEE conference on computer vision and pattern recognition, 2016,
pp. 817–825.

[19] K. Kang, H. Li, T. Xiao, W. Ouyang, J. Yan, X. Liu, and X. Wang, “Ob-
ject detection in videos with tubelet proposal networks,” in Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition,
2017, pp. 727–735.



[20] Z. Wang, L. Zheng, Y. Liu, Y. Li, and S. Wang, “Towards real-time
multi-object tracking,” arXiv preprint arXiv:1909.12605, 2019.

[21] W. Choi, “Near-online multi-target tracking with aggregated local flow
descriptor,” in Proceedings of the IEEE international conference on
computer vision, 2015, pp. 3029–3037.

[22] F. Yu, W. Li, Q. Li, Y. Liu, X. Shi, and J. Yan, “Poi: Multiple object
tracking with high performance detection and appearance feature,” in
European Conference on Computer Vision. Springer, 2016, pp. 36–42.
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