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Abstract—Global temporal information and local 
semantic information are essential cues for high-
performance online object detection in videos. However, 
despite their promising detection accuracy in most cases, 
most state-of-the-art approaches have two limitations: 
invalid background/scale suppression and inad-equate 
temporal information mining between frames. Many jobs 
currently focus on temporal information learning based on 
a single frame. In this paper, we propose an attentional 
global–local information learning network; this is one of 
the first attempts to fully use both types of information 
between frames. Attention maps are creatively utilized to 
transfer temporal contexts between frames. This also 
effectively alleviates the adverse effects of scale changes. 
Furthermore, empowered by a detailed framework, a 
proposed detector effectively uses multilevel feature extrac-
tion. Given these contributions, the proposed detector 
achieves state-of-the-art performance on challenging 
benchmarks. Finally, practical experiments are conducted 
on a space human–robot interaction platform.

Keywords: Video object detection, SSD, Attention 
model, Space human-robot interaction

I. INTRODUCTION

Various space robots are designed to assist astronauts 
in performing tasks in space stations in 
considerationof technical advantages and cost 
constraints [1], [2]. Space human–robot interaction 
(SHRI) technology is essential for effective face-to-face 
interaction, especially multiscale object detection 
methods .

    In general object detection, image-based approaches 
achieve state-of-the-art results. The main idea is to 
extract feature maps from input images; these feature 
maps are then modeled to output final detection boxes 
and classification results [3],[4]. Typical image-based 
detection methods are described as follows: 1) SPP-net 
was designed based on convolutional neural networks 
(CNNs) and features a new spatial pyramid pooling 
structure; it is intended for static image processing and 
achieved good results on the ImageNet benchmark [5];

 2) A fast R-CNN–based model was proposed to 
extend region proposal research, and its main 
contribution is a new region proposal network [6]; 3) 
The You Only Live Once (YOLO) detector and the 
Single Shot MultiBox Detector (SSD), which were 
proposed for real-time object detection, achieved good 
accuracies and speeds [7]. However, image-based 
methods are not suitable for real-world applications. 
Because of the characteristics of object movement in 
videos, such as rich tem-poral information, these 
methods are not ideal for processing continuous video 
frames, especially in scenes with occlusions and 
changes in object scale.

Compared with static image-based detection, video 
object detection technology has a more significant 
application. Many works have designed new 
postprocessing modules that enable static image-based 
methods to combine the results of each frame of a video, 
such as [8] and [9], but the desired effect has not been 
achieved. This is because most existing methods can-not 
mine rich temporal information thoroughly. Additionally, 
many approaches detect each frame across time in videos, 
in which rich temporal information can be exploited to 
obtain the best feature representation. Typically, most 
advanced works focus on the optimization of the 
bounding box across frames to acquire the final 
prediction, such as tubule- and Seq-NMS-based methods 
[10], [11]. However, these recent approaches have the 
following limitations: 1) Detection accuracy is re-duced 
for low-resolution objects. 2) The accuracy of object 
detection with scale changes is unsatisfactory. 3) Offline 
and non-real-time methods achieve high accuracy, but 
they are unsuitable for practical applications.

Most existing methods cannot achieve satisfactory 
results in SHRI applications because of the limited 
interaction distance between astronauts and space 
robots (0.5 to 5 m). At a long range, the hand object is 
too small; the interaction distance is
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close, and the display is incomplete. Next, there are about 20
kinds of interactive gesture commands, which is a challenge
for classification. Moreover, the real-time operation is essential
for this task, as a high latency can lead to failure of, or even
danger in, human-robot collaboration tasks.

Our research team has conducted many studies on SHRI
and achieved excellent results, such as [12], [13], [14], and
[15], which serve as bases of the current paper. This paper
presents attentional global-local information learning networks
to overcome the abovementioned challenges. The key to
addressing these concerns is the joint learning of global
and local information. Specifically, the proposed networks
can enable the critical features of frames to obtain more
content, including semantic and location information, than
most existing methods. This can suppress background and
scale information effectively. Attention maps also flow in
every frame for sequence learning to link critical contextual
information over time. Many methods use long short-term
memory (LSTM)–based modules to model critical temporal
information, but this incurs high computational costs. The
designed networks integrate the attention machine into each
LSTM module to accelerate computational tasks. Hence, we
achieve a trade-off between speed and accuracy.

The main contributions of this study are summarized as
follows:
• A carefully designed structure is utilized to form a hierar-

chical feature processing scheme. Shallow features with
comprehensive information and deep semantic features
are learned individually across time.

• A temporal learning unit called AST-LSTM is proposed
for fundamental information analysis. Empowered by the
integrated attention mechanism, this suppresses useless
information and multiscale objects. A group of AST-
LSTM units constitutes global-local information learning
networks.

• A backbone is designed as the feature extraction operator.
This combined operator can fully extract shallow and
deep features. Moreover, a feature fusion module with
deconvolution units is introduced to obtain features that
are more comprehensive.

• The proposed detector is evaluated on a video object
detection benchmark (ImageNet VID dataset). Next, it
is tested in an SHRI scenario, including two gesture
benchmark datasets, and used for real-time detection on
a space robot.

The remainder of this paper is organized as follows: Section

II shows a brief review of related work about recurrent
neural networks (RNNs) and feature-level methods. Section
III contains a detailed description of the proposed SSD-based
temporal detector. The experimental results, including those
on the benchmark datasets and the evaluation findings on the
SHRI platform, are in Section IV. Section V presents the
conclusion.

II. RELATED WORK

RNNs have been widely used for sequence processing in
many research areas, such as language processing, pattern
recognition, and data mining, and achieved satisfactory results
[16]. Compared with other neural networks, RNNs are more
effective for change sequence processing. Moreover, LSTM
is a special structure of RNNs and is suitable for long-
term sequence processing [17]. Feature maps are transmitted
under the control of gate states, which makes the model
retain key long-term memory and forget useless information.
For the learning of key features from long-term sequences,
an attentional scheme was presented based on the working
principle of the human visual system. Normally, the attention
mechanism includes many research directions, such as soft
attention, hard attention, global attention, local attention, and
self-attention. Among these, self-attention performs better in
complex sequence processing because it focuses on the source
and the target simultaneously. An LSTM network is usually
improved by introducing an attention mechanism; typical
approaches include ST-LSTM [18], ConvLSTM [19], D3D-
LSTM [20], TS-LSTM [21], E3D-LSTM [22], and AGC-
LSTM [23]. In this work, attention maps are transferred
instead of convolutional feature maps to represent objects, and
they flow in AST-LSTM under the control of a self-attention
mechanism.

Object scale variation is the main challenge for the design of
detectors because detection accuracy tends to decrease as the
object scale changes [24]. Many works have been conducted
to solve the above problem, and good results have been
achieved; the structure of feature pyramid networks (FPNs)
is widely utilized in many state-of-the-art studies. Compared
with handcrafted methods, FPN-based techniques can generate
feature maps more quickly and accurately. Typical FPN-based
methods are shown in Fig. 1. Fig .1(a) illustrates the basic
structure of an FPN [26], in which feature maps of shallow
and deep levels can be fused in sequence. This feature flow
structure is named bottom-top-down. The SSD, which is based
on FPN and shown in Fig. 1(b), was proposed to combine

Fig. 1. (a) FPN. (b) SSD. (C) Proposed model.
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Fig. 2. Structure of the proposed model.
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features effectively. Feature maps are first fused from bottom 
to top and then extracted for prediction. The structure proposed 
in this work is based on the SSD, as shown in Fig. 1(c), and 
it is designed to retain shallow detail information further. The 
top feature of the FPN is directly used for prediction, and 
experimental results show that this structure is effective for 
multiscale object detection.

III. METHOD

This study presents a temporal detector that is based on 
attentional global–local information learning networks. It aims 
to improve video detection performance by mainly useless 
information suppression and temporal information learning. 
As shown in Fig. 2, the proposed model consists of two parts. 
First, a combined backbone (FR-SSD) is designed for static 
frame detection, and it comes with an improved feature fusion 
module. Next, a global–local information learning subnetwork 
equipped with AST-LSTM modules is proposed to enhance 
the temporal connection of each input static frame. The self-
attention mechanism is integrated internally rather than con-
nected in series externally. Finally, a new training scheme is 
designed to improve the temporal relationship between frames.

The proposed detector has two merits.
• It offers a good speed–accuracy trade-off. The first

temporal one-stage SSD-based detector has a detection
accuracy of nearly 70% at 27 frames per second (fps)
on the ImageNet VID benchmark. Most existing high-
recognition works are two-stage detectors that are based
on ResNet.

• There has been no study on a real-time, online attentional
detector.

A. Network Architecture

Backbone. Motived by the nature of the SSD and the VGG-
16, as shown in works [27] and [28], the new backbone is
designed carefully. The primary purpose is to increase the
contextual details of shallow layers and increase the detection
speed. Specifically, the first few layers of the SSD, that is,
the VGG 16 layers, is replaced by the Resnet 101 layers
to make predictions. The structure of the proposed FR-SSD
is shown in Fig.3, the details are shown as follows: 1) The
spatial resolution of the input static frame is 300×300; 2) The
first five convolutional layers are the Resnet, that is, Conv1,
Conv2, Conv3, Conv4, Conv5; 3) After the Conv6 layer,
a new pooling layer is added to obtain a lager receptive filed
which is beneficial to detect small-scale objects, and from the
comparison in [29], it can be seen that the average pooling
is suitable for the preservation of details; 4) A feature fusion
module is designed that uses the feature of the Conv4 3 layer,
the Conv6 2 layer; 5) Non-maximum suppression (NMS) is
utilized to suppress invalid detection boxes to obtain the final
detection results.

The backbone of the proposed architecture is designed based
on the SSD and VGG16, as shown in works [27] and [28].
The primary purpose is to increase the contextual details
of shallow layers and improve detection speed. Specifically,
the first few layers of the SSD, namely, VGG16 layers, are
replaced by ResNet-101 layers to generate predictions. The

Fig. 3. FR-SSD architecture.



structure of the proposed FR-SSD is shown in Fig. 3. The
spatial resolution of the input static frame is 300 × 300.
The first five convolutional layers (Conv1, Conv2, Conv3,
Conv4, and Conv5) are ResNet layers. After the Conv6 layer,
a new pooling layer is added to enlarge the receptive field,
which is beneficial for detecting small-scale objects. As seen
from the comparison in [29], average pooling is suitable for
the preservation of details. A feature fusion module is designed
that uses the feature of theConv4 3 layer, the Conv6 2 layer
. Finally, non-maximum suppression (NMS) is adopted to
suppress invalid detection boxes to obtain the final detection
results.

FPN. Given the success of the FPN, as seen in Refs. [25]
and [26], its idea is utilized in the proposed model in two ways.
First, Conv4 3, Conv6 2, Conv7 2, Conv8 2, Conv9 2,
and the pooling layer are employed as pyramid features, the
feature maps are 38× 38× 512, 10× 10× 512, 5× 5× 256,
3 × 3 × 256, 1 × 1 × 256, and 10 × 10 × 512, respectively.
Next, unlike in other methods, in this study, these pyramid
features are divided into three Groups, which are then learned
individually. This is because shallow features are valid for
small-object detection, whereas deep semantic features are
suitable for understanding target characteristics. The shallow
features (Conv4 3, Conv6 2) are denoted as a low-level
feature group, which retains more detail information. The
deep features (Conv7 2, Conv8 2, Conv9 2) are denoted
as a high-level feature group, which retains more semantic
information. The features of the pooling layer alone as a group
that can help detect small-scale objects. The low-level and
high-level feature Groups are inputted into the proposed AST-
LSTM individually to model temporal features without useless
information. The features of the pooling layer are directly used
for multiclass regression and classification.

Feature fusion module. The main purpose of this module
is to increase the semantic information to improve detection
accuracy. Two problems should be considered: the layer fea-
ture selection and the fusion algorithm. The features of these
layers ( Conv4 3, Conv5 2, Conv6 2, and full connection)
are usually selected in state-of-the-art studies. Considering
spatial resolution and depth, the features of the Conv4 3 and
Conv6 2 layers are selected in this work. Next, concatenation
and element-wise summation are used for feature fusion. These
algorithms are used separately to test the model’s perfor-
mance, as shown in the Section IV-B; then, concatenation is
applied. The concatenation algorithm is shown in (1), where
(X1, X2, ......Xc) and (Y1, Y2, ......Yc) are subvectors and Ki

is a coefficient. The proposed fusion module is shown in
Fig. 4. The new features of the Fusion Conv43 Conv62
layer are used for small-scale object detection. The idea of
deconvolution is introduced to increase the spatial resolution
of the features, and the ReLU activation function and BN op-
eration are utilized to alleviate the vanishing gradient problem.
The fusion process is as follows: 1) The feature maps of the
Conv 3 layer are convoluted, and Conv 2 is deconvoluted
twice. This is followed by normalization layers with different
regular scales. 2) The ReLU activation function and batch
normalization (BN) are used. The latter can help enhance
detection accuracy because it ensures that the parameters of

the two branches are on the same level. 3) The feature map
is obtained by concatenation, and its size is 38 × 38 × 1024.
4) One convolution layer is used to reduce the dimensions,
followed by ReLU and BN.

Fconcat =
c∑

i=1

Xi ∗Ki+
c∑

i=1

Yi ∗Ki+c (1)

Compared with other SSD-based backbones, the proposed
backbone has the following merits:
• The combined backbone increases the amount of con-

textual information and simplifies the network structure.
This ensures fast, high accuracy detection of multiscale
objects.

• The proposed feature fusion method, which has decon-
volution units, integrates nonlinearity into the backbone
to enhance its representation ability.

• The introduced pooling layer can reduce overfitting by
decreasing the number of parameters. Then, it can en-
hance the saliency of background information to aid in
the subsequent suppression process.

B. Temporal Context Learning Module

The feature maps of the shallow layers are valid for small-
scale object detection because they include more detail infor-
mation. However , there are more background-related (useless)
information than object-related (helpful) information, which is
the main challenge in shallow feature learning. The temporal
connection of contextual information is the key technology
in real-time video object detection. In this work, an LSTM-
based subnetwork is proposed, as shown in Fig. 5. This can
learn both shallow and deep features of each static frame
in each AST-LSTM module, and the features of the hidden
layer in each AST-LSTM module can be transmitted in each
input frame. Therefore, the proposed detector can accurately
detect small-scale objects in each static frame because of
the good background suppression. Then, the useful temporal
information can be closely linked to video detection . As
mentioned above, both low- and high-level feature maps are
inputted into the LSTM-based subnetwork, which consists of
many AST-LSTM modules.

AST-LSTM is based on the spatiotemporal LSTM (ST-
LSTM) network, and two improvements are included. First,
considering the between-class similarity can help suppress
background-related (useless) information, the attention maps
are utilized to represent the features of small-scale objects
rather than using the raw input feature maps in the AST-LSTM
unit. Next, to enhance the temporal connection between the
frames, the idea of a self-attention mechanism is introduced.
Specifically, the attention maps can flow in each gate of AST-
LSTM to decide the preservation of a hidden status. It can
also flow in contextual information to enhance temporal status
association.

Operations inside the proposed temporal analysis unit (AST-
LSTM) are shown in (2). Where aAST

t denotes the attention
map; χt ,mk−1

t , hkt−1 , and ckt−1 are the raw frame, the
spatiotemporal memory of the previous layer, the hidden status
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of the previous time, and the memory status of the previous 
time, respectively; both it and gt are the input gates, ft is the 
forget gate, and ot is the output gate; it′ , gt′ , and ft′ are the 
corresponding gates in the spatiotemporal memory; w1×1 is 
the convolution (size 1 × 1) to transform the channel number, 
σ is the sigmoid function, and [ , ] is the concatenation; ∗ is 
the convolution operation, � is the Hadamard product, and 
⊗ is the multi-channel map product. The structure of the 
proposed AST-LSTM is illustrated in Fig. 6. Where blue areas 
are the forget structures and other circle areas are the status;

red arrows denote the short-term flows; the raw input χt is
convoluted to obtain the attention map aAST

t , and aAST
t is

also transferred to other attention modules.

aAST
t = σ(wi ∗ [χt, ht−1])⊗ χt

it = σ(wia ∗ aAST
t + wih ∗ ht−1 + bi)

gt = tanh(wga ∗ aAST
t + wgh ∗ ht−1 + bg)

ft = σ(wfa ∗ aAST
t + wfh ∗ ht−1 + bf )

ckt = it � gt + ft � ck−1t

mk
t = it

′ � gt
′ + f ′t �mk−1

t

ot = σ(woa ∗ aAST
t + woh ∗ ht−1 + womm

k
t + bo)

hkt = ot � tanh(w1×1 ∗ [ckt ,mk
t ])

(2)

Compared with existing ST-LSTM-based works, the pro-
posed AST-LSTM has two merits.
• Within-class similarity is not included in AST-LSTM,

so it effectively captures the subtle differences between
ready-to-detect objects and the useless background infor-
mation. This is because AST-LSTM focuses on saliency
maps rather than feature maps.

• No additional computation costs are incurred. In general,
LSTM-based networks can have substantial computa-
tional costs. In AST-LSTM, attention maps are utilized
to associate temporal context rapidly. Other models with
feature maps need to process feature sizes 500 times that
used by the proposed method.

C. Training

In this paper, two subnetworks are included: FR-SSD and
AST-LSTM. Compared with previous SSD-based approaches,
a new key loss function should be trained, namely, the attention
loss Lattn, which is the key to temporal information learning.
Therefore, the training task consists of three parts: localization
loss Lloca, confidence loss Lconf , and a new attention loss
Lattn. The network loss function is shown in (3), where N
denotes the number of boxes that are matched to ground-truth
boxes; α, β, and θ denote the trade-off parameters.

The training objective of Lloca and Lconf can be shown in
(4). Where x, c is the confidence score, l is the default box,
g is the ground-truth box, ω is the hyperparameter that can
be denoted as 1; the smooth L1 loss is used for Lloca , and
the softmax loss is used for Lconf . The Lattn can be shown
in (5). Where n is the number of feature maps that are used
for prediction, ϕ is the hyperparameter, G is the ground-truth



TABLE I
EFFECTIVENESS OF DESIGN IDEAS.

Component
“X” means the component is included in the group.

1 2 3 4 5 6 (FR-SSD) 7 8 (Proposed)

SSD300 X X X X X X X X
Resnet-101 X X X X X X X

Max pooling X
Average pooling X X X X X

Element-wise X
Concatenation X X X

ST-LSTM X
AST-LSTM X

mAP (%) 53.6 56.7 57.3 58.1 59.8 62.5 66.9 69.5

attention map, and P is the prediction attention map; the cross
entropy is used for Lattn .

L =
1

N
(αLloca + βLconf) + θLattn (3)

L(x, c, l, g) =
1

N
(Lconf(x, c) + ωLloca(x, l, g)) (4)

Lattn =

n∑
i=1

ϕ(−Pi log(G)− (1− Pi) log(1−G)) (5)

IV. EXPERIMENTS AND DISCUSSION

A. Experimental settings

This work primarily aims to propose a detector for use in
real-time object detection in videos for SHRI. In SHRI appli-
cations, astronauts need to cooperate with space robots through
specific gestures. Thus, hand detection is a key technology.
According to the above requirements, multiclass object and
hand object datasets are used to evaluate the proposed model.

ImageNet-VID dataset [30]: The most significant scale
benchmark in this work is based on ImageNet, which is
challenging for video object detection. This database includes
30 object categories; 3862 video samples are collected for
training, and 555 video samples are collected for verification.
The proposed design idea is verified on this dataset. The
experimental results are compared with those of state-of-the-
art works, and the performance of the proposed model is
discussed.

EgoHands dataset [31]: A gesture benchmark consisting
of interaction and complex gestures is proposed for hand
detection. This dataset contains 48 gesture categories and
includes more than 15000 samples collected from real-world
scenarios with high-quality ground-truth labels. This dataset is
suitable for SHRI application because interaction and complex
gestures are included.

VIVA hand dataset [32]: Another gesture benchmark is
designed for intelligent vehicles and applications collected
from driving scenarios . It contains 54 video samples that are
the challenge for hand detection . This dataset is suitable for
SHRI application because it includes multiple hand objects

SSD: 43

Res.-SSD: 44

FR-SSD: 41

FR-SSD_ST-LSTM: 29

FR-SSD_AST-LSTM: 27

10

15

20

25

30

35

40

45

50

50 52 54 56 58 60 62 64 66 68 70 72

F
P

S

mAP(%)

Fig. 7. Detection speeds and detection accuracies of various 
designs.

with partial body information, which resemble close range 
SHRI scenarios.

The experimental platform is a personal computer with an 
i9-9900K CPU, GeForce GTX 1080ti 11 GB GDDR5X GPU, 
and 32 GB RAM. The Caffe framework is designed in an 
Ubuntu 16.04 64-bit OS system. The mean average precision 
(mAP) and number of frames per second are used to evaluate 
the proposed model. In general, humans can recognize object 
movement speeds of up to 24 fps in real-time, beyond which 
no difference in speed will be perceived. Other experimental 
settings include the initial learning rate (0.0001), momentum 
(0.9), and weight decay (0.005).

B. Ablation study

Various designs with different components are tested on
the ImageNet VID dataset to evaluate the effectiveness of the
design concepts, and the results are in Table I (Groups 1–8
are included). For Groups 1 and 2, the combination of ResNet
and the SSD can significantly improve the model recognition
rate because ResNet is suitable for small-object detection. As
shown by Groups 3 and 4, the introduction of the pooling layer
can improve the detection rate, and the model combined with
the average pooling layer has a better effect. Unlike when the
convolutional layer is directly inputted into the classification
layer, the features after the pooling layer are more compact
and have a larger receptive field. For Groups 5 and 6 (FR-



TABLE II
RESULTS ON IMAGENET-VID DATASET.

Method Backbone Type Real-time mAP(%)

R-FCN [33] Resnet-101 Offline No 73.8
FGFA [34] Resnet-101 Offline No 76.3
MAN [35] Resnet-101 Offline No 78.1
THP [36] Resnet-101 Offline No 78.6
STSN [37] Resnet-101 Offline No 78.9

STMN [38] VGG-16 Offline No 55.6
Seq-NMS [9] VGG-16 Online No 52.2
LF&S [39] VGG-16 Online Yes 61.4
TP-ConvLSTMfast [40] VGG-16 Online Yes 63.7
TSSD [41] VGG-16 Online Yes 65.4

SSD-LSTM [42] Mobilenet Online Yes 54.4

SST [43] R-FCN Online No 77.8
OGEMNfast [44] R-FCN Online Yes 61.1
TP-ConvLSTMfast [40] R-FCN Online Yes 63.7

Proposed 1 R-FCN Online No 79.2
Proposed 2 Resnet-101+VGG-16 Online Yes 69.5

SSD), the feature fusion module can help improve the model
performance in small-object detection, and the effectiveness
of the FN is evident. Concatenation, which can increase the
recognition rate to 60.5%, is more suitable than the fusion
algorithm. As for Groups 7 and 8 (proposed model), an ST-
LSTM-based subnetwork is proposed for temporal feature
modeling. In this subnetwork, an attention map is introduced to
suppress background noise and further improve the detection
rate of small objects. The results demonstrate that using the
proposed AST-LSTM (62.2%) with the self-attention mech-
anism contributes more to detection accuracy than the ST-
LSTM (69.5%).

The detection speed is described in Fig. 7. The proposed
model, denoted as FR-SSD-AST-LSTM in the figure, achieves
a beyond-real-time speed (27 fps) in video multiclass object
detection. Although the combination of the SSD and ResNet
(denoted as Res.-SSD) has the fastest detection speed, its
detection accuracy is much lower than that of the proposed
method. Compared with the ST-LSTM-based model (FR-SSD-
ST-LSTM), the AST-LSTM module, which contains the self-
attention mechanism, significantly improves the detection rate
without considerably reducing the detection speed.

For fairness of comparison, in accordance with Refs. [6]
and [10], the mAP of 30 categories is used as the evaluation
index, and the proposed model is trained by employing some
samples of the ImageNet DET dataset such that the number
of each object class frame is at the same level. The number
of each object class frame is unique, which is a challenge for
direct training. Therefore, the frames of the ImageNet DET
dataset can be used because the ImageNet VID dataset is a
subset of the ImageNet DET dataset.

C. Comparison with State-of-the-art Methods

1) mAP on the ImageNet: The overall performance of the
proposed model on the ImageNet VID dataset is compared
with that of state-of-the-art methods, and the comparison
results are shown in Table II. The following conclusions are
drawn: 1) Although the methods with offline training can

achieve high detection rates (up to 78.9%), the offline training
scheme is not suitable for our task and is ineffective for real-
world applications. 2) ResNet-based models usually achieve
high detection accuracies and effectively deal with small-scale
inputs, but their deeper structure is not conducive to real-time
detection. Hence, some ResNet-101 layers are combined with
some SSD300 layers, which balances speed and accuracy. 3)
Although most methods involving a feature fusion module
achieve good results, only a few studies focus on employing
LSTM-based subnetworks to learn pyramid features of differ-
ent levels. The current work successfully introduces an LSTM-
based network and uses attention maps instead of feature maps
to model contextual information with different scale features.
This is effective for multiscale object feature learning and
enhances the temporal coherence in video detection. TSSD
achieves a detection rate of up to 65.4% because a step-by-
step training scheme for the ImageNet VID dataset is adopted,
but it cannot be generalized to other applications.

We compare R-FCN-based detectors and the proposed de-
tector, which is based on a novel structure, as shown in
Table II. R-FCN [33] is an effective extension of faster R-
CNN [6]. Studies such as [43], [44], and [40] show that R-
FCN can achieve a better trade-off between detection accuracy
and speed. In this test, the R-FCN backbone proposed in
[33] is adopted to extract features. Findings show that the
proposed detector based on R-FCN (Proposed 1) can achieve
a higher detection rate on the ImageNet VID dataset. However,
the speed is only about 15 fps, which cannot meet SHRI
task requirements. According to references, SST achieves a
speed of 15 fps, which is similar to that of the proposed
method. Although the two other approaches achieve real-time
detection frame rates, their detection accuracy rates are not
as good as that of the proposed method. Hence, the designed
temporal information learning networks achieve a good trade-
off between accuracy and speed. Ways of increasing the speed
of the R-FCN-based detector above 25 fps will be the focus
of future research.



TABLE III
RESULTS ON VIVA DATASET.

Method Backbone
AP(%)

Speed(fps)Setting-1 Setting-2

YOLOv4 [45] Darknet 76.4 69.5 35
MS-FRCNN [46] VGG-16 92.8 84.7 3
MSRFCN [47] Resnet-101 94.2 86.9 5
SIFCN [48] Resnet-50 94.6 86.3 19

Proposed Resnet-101+VGG-16 93.7 85.4 29

TABLE IV
RESULTS ON EGOHANDS DATASET.

Method Backbone mAP(%) Speed(fps)

YOLOv4 [45] Darknet 72.6 29
MSSD6 [49] VGG-16 88.9 \
EtECS [50] Resnet-50 93.1 12
LESCO [51] MobileNet 96.1 \
RI-SSD [12] Resnet-101 96.6 17

Proposed Resnet-101+VGG-16 96.8 24
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2) Background and scale suppression: The main contribu-
tion of this work is to suppress useless information, including 
background and scale information. The performance of ST-
LSTM and the proposed AST-LSTM is compared. In accor-
dance with the evaluation scheme presented in [41] and [52], a 
heat map is used to explain the different levels of importance 
of detection areas. The red area represents the detection area, 
and the blue area depicts useless information (background).

Space robot:
Onboard computer 
Kinect sensor 
(integrated)

Air flotation
simulator

Fig. 9. The SHRI platform.

Two Groups of experiments are conducted, as shown in Fig.
8.

First, we present the suppression performance in the pres-
ence of complex backgrounds. In this test, the ready-to-detect
object is a bus in a challenging road scene that includes
multiple buildings, passing vehicles, and pedestrians. The
results show that the proposed model can effectively suppress
the messy background information to locate the object area
accurately. In contrast, ST-LSTM can only roughly find objects
such as small cars. Next, we present the effect of scale
suppression in the detection of a multiscale object (airplane).
The constant change in the scale of the ready-to-detect object
in a continuous sequence is challenging for temporal modeling.
The proposed model can overcome this difficulty and achieve
multiscale suppression effectively. Furthermore, its detection
performance can be enhanced over time because of the use of
attention maps to link helpful information frame by frame.

D. Application in SHRI

The SHRI platform designed by our research team consists
of four parts: a space robot with six degrees of freedom,
a Kinect sensor for real-time video collection, an onboard
computer for data processing, and an air flotation simulator
for microgravity environment simulation. The SHRI platform
is illustrated in Fig. 9. The task is to design an astronaut
and a robot interaction system to be applied in the SHRI
platform. In this system, astronauts can use gestures to control
the movement of the space robot and guide the robot to com-
plete particular tasks. Therefore, hand detection and gesture
recognition are critical technologies for this application.

Fig. 8. Effect of the proposed global-local temporal 
information learning networks. (a) Background suppression. 

(b) Scale suppression.



TABLE V
RESULTS ON DIFFERENT GESTURE COMMANDS (MAP (%))

Gesture commands B S F P D O L R

YOLOv4 [45] 87.4 88.2 89.7 90.2 91.4 88.5 89.7 89.2
RI-SSD [12] 91.2 90.1 90.5 90.8 92.9 89.6 89.6 88.3
FF-SSD [13] 90.76 88.01 89.42 89.64 92 86.96 89.64 89.73

Proposed 91.7 90.8 91.2 92.4 94.5 90.6 91.1 90.2

Two hand detection benchmark datasets are tested, and
the results of the proposed model are compared with those
of state-of-the-art methods. VIVA dataset: According to the
application demand, the proposed model is tested in two
experimental settings. Setting 1 pixels. Hence, the evaluation
in Setting 2 is more challenging. The results are shown in
Table III. YOLOv4 achieves the fastest detection speed (35
fps), but it cannot reach a satisfactory detection rate. Although
both MSRFCN and MS-FRCNN achieve accuracies of over
90%, they are not real-time models and are not suitable for
real-world application. In contrast, both the proposed model
and SIFCN can balance accuracy and speed. In particular,
the beyond-real-time speed and satisfactory accuracy of the
proposed model can meet the requirements of the SHRI task.
Although SIFCN achieves the highest detection rate (94.6%),
its detection speed (19 fps) cannot address practical needs.
According to industry standards, real-time performance must
be better than 20 fps. EgoHands dataset: For fairness of
comparison, a test is conducted in accordance with [12], and
the results are shown in Table IV. Most samples in this dataset
are for hand object interaction, so most of the compared state-
of-the-art methods achieve satisfactory detection rates. Thus,
the proposed method performs better in terms of detection rate
and speed.

Experiments are conducted in the SHRI scenario. Many
samples (finished by multiple targets and single targets) are
collected from a laboratory built to simulate a space station
Setting. These samples are used to generate a realistic dataset
that consists of eight types of gestures commonly used by
astronauts: beginning of control (B), stopping of control (S),
finishing of command (F), path tracking (P), data collection
(D), approaching (O), linear motion (L), and rotational motion
(R). First, the proposed model is trained and tested to obtain
the classification results. For a fair comparison, many state-
of-the-art methods are considered, and Table V shows the
results. The proposed model exhibits a recognition rate of over
90%, so it can perform the SHRI task well. Next, practical
experiments are conducted on the SHRI platform. One or two
participants perform gesture commands in front of the space
robot, and the system outputs the detection results in real-time.

V. CONCLUSION

A one-stage temporal detector based on the SSD is pro-
posed to solve the drawbacks of video object detection. Its
design (multilevel feature modeling) successfully retains detail
information and high-level semantic information. AST-LSTM,
which has a self-attention mechanism, can suppress back-
ground (useless) information, which is effective for small-scale

detection. Attention maps are creatively used for temporal rep-
resentation exploration, and the results are satisfactory. Finally,
video object detection and gesture benchmarks are utilized to
evaluate the proposed model, and practical experiments are
conducted on an SHRI platform. The findings show that the
proposed model can balance accuracy and speed in multiscale
video object detection; its results are 69.5% and 27 fps on
the ImageNet VID dataset, 93.7%/85.4% and 29 fps on the
VIVA dataset, and 96.8% and 24 fps on the EgoHands dataset.
Identity-aware object detection and tracking will be studied in
a future work.
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