
638 Pu et al. / Front Inform Technol Electron Eng 2021 22(5):638-651

Frontiers of Information Technology & Electronic Engineering

www.jzus.zju.edu.cn; engineering.cae.cn; www.springerlink.com

ISSN 2095-9184 (print); ISSN 2095-9230 (online)

E-mail: jzus@zju.edu.cn

Unsupervised object detection with scene-adaptive
concept learning∗

Shiliang PU1, Wei ZHAO1, Weijie CHEN1, Shicai YANG1, Di XIE†‡1, Yunhe PAN2

1Hikvision Research Institute, Hangzhou 310051, China
2College of Computer Science and Technology, Zhejiang University, Hangzhou 310027, China

†E-mail: xiedi@hikvision.com

Received Oct. 20, 2020; Revision accepted Feb. 24, 2021; Crosschecked Apr. 1, 2021

Abstract: Object detection is one of the hottest research directions in computer vision, has already made impressive
progress in academia, and has many valuable applications in the industry. However, the mainstream detection
methods still have two shortcomings: (1) even a model that is well trained using large amounts of data still cannot
generally be used across different kinds of scenes; (2) once a model is deployed, it cannot autonomously evolve along
with the accumulated unlabeled scene data. To address these problems, and inspired by visual knowledge theory,
we propose a novel scene-adaptive evolution unsupervised video object detection algorithm that can decrease the
impact of scene changes through the concept of object groups. We first extract a large number of object proposals
from unlabeled data through a pre-trained detection model. Second, we build the visual knowledge dictionary of
object concepts by clustering the proposals, in which each cluster center represents an object prototype. Third,
we look into the relations between different clusters and the object information of different groups, and propose
a graph-based group information propagation strategy to determine the category of an object concept, which can
effectively distinguish positive and negative proposals. With these pseudo labels, we can easily fine-tune the pre-
trained model. The effectiveness of the proposed method is verified by performing different experiments, and the
significant improvements are achieved.
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1 Introduction

Video object detection is a very important re-
search direction in computer vision and has been
widely used in many practical applications, e.g.,
robotics, autonomous driving, and video surveil-
lance. Nowadays, object detection algorithms fo-
cus mainly on image detection algorithms. Exist-
ing state-of-the-art image object detection methods
are mainly based on convolutional neural networks
(CNNs), such as faster R-CNN (Ren et al., 2015),
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R-FCN (Dai et al., 2016), FPN (Lin et al., 2017a),
YOLO (Redmon et al., 2016), and SSD (Liu et al.,
2016). Following these works, a large number of deep
learning based video detection algorithms have been
proposed (Han et al., 2016; Kang et al., 2018; Xiao
and Lee, 2018; Guo et al., 2019; Wang SY et al.,
2019; Deng et al., 2020). For example, Kang et al.
(2018) introduced a faster R-CNN based video detec-
tion model. Xiao and Lee (2018) proposed a novel
video detection model combining R-FCN and RNN,
called the spatial-temporal memory module. Wang
SY et al. (2019) also used R-FCN as the base model
to detect videos.

However, these methods cannot autonomously
generalize to different scenes. In different scenes,
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these methods require different training data, which
makes each algorithm expensive. In this case, some
researchers introduced unsupervised learning strate-
gies to video detection (Tang et al., 2012; Kwak
et al., 2015; Li D et al., 2016; Xiao and Lee, 2016;
Croitoru et al., 2017; Ma et al., 2017; Yu et al., 2018;
Chen et al., 2019; Lahiri et al., 2019). For example,
Chen et al. (2019) designed an unsupervised domain
adaptation based video recognition algorithm. These
methods still cannot evolve adaptively with changing
scenes.

The other shortcoming of existing methods is
that they analyze only the information of a single
object in detection. For example, Seq-NMS (Han
et al., 2016) is a post-processing step that selects the
high-score bounding box sequence of each object to
improve the detection results. Optical flow (Zhu XZ
et al., 2017), multi-branch feature map fusion (Zhu
ML and Liu, 2018; Subramaniam et al., 2019), and
tracking (Htike and Hogg, 2014) have also been used
to propagate the object information, which further
increases the complexity of the algorithms.

To address the above limitations and inspired by
the fundamental concept of visual knowledge (Pan,
2020), we propose a scene-adaptive evolution unsu-
pervised video object detection algorithm based on
the visual concept (prototype and category (Pan,
2016, 2019)), which can weaken the impact of the
scene change through the object group concepts.
The proposed method consists of a prototype dictio-
nary generation (PDG) strategy and a graph-based
group information propagation (G-GIP) strategy.
Through these strategies, the proposed method can
autonomously generalize objects into different scenes
and adaptively evolve with changing scenes. The de-
signed PDG is used to build a dictionary of object
prototypes. It first uses a pre-trained model to ex-
tract the object proposals and feature representation
from the new scene. Similar proposals are clustered
to build the dictionary of object prototypes which
can limit the influence of the scene change on object
detection. Different prototypes represent different
object groups. Then we propose G-GIP, which com-
bines group information and a graph convolutional
network to create the category of each prototype. In
this way, we can generate the positive samples and
the corresponding pseudo labels. Finally, we use pos-
itive samples to fine-tune the detector, which can be
used to detect new scene datasets. Experimental re-

sults show that the proposed unsupervised method
can self-adaptively evolve with changing scenes.

In summary, the contributions of this pa-
per include the following: We propose a scene-
adaptive evolution unsupervised video object detec-
tion method that can evolve with changing scenes.
We introduce the concept of object groups to weaken
the influence of the scene change on object detection.
We propose a graph-based group information prop-
agation strategy to create the prototype category,
which can mine the positive samples with pseudo
labels from each object group.

2 Related works

2.1 Video object detection

The state-of-the-art object detection methods
for images are divided mainly into two groups:
two-stage methods and one-stage methods. The
typical two-stage algorithms are R-CNN (Girshick
et al., 2014), fast R-CNN (Girshick, 2015), faster R-
CNN (Ren et al., 2015), R-FCN (Dai et al., 2016),
FPN (Lin et al., 2017a), and Libra R-CNN (Pang
et al., 2019), which consist of a region proposal,
region recognition, and location. One-stage meth-
ods transform detection into a regression problem.
SSD (Liu et al., 2016), YOLO (Redmon et al., 2016),
RetinaNet (Lin et al., 2017b), CornerNet (Law and
Deng, 2018), and FreeAnchor (Zhang et al., 2019) di-
rectly predict the location or corner point of objects
and object classes. In this study, YOLO-v2 (Redmon
and Farhadi, 2017) acts as the base detector.

Video object detection is similar to image ob-
ject detection. The only difference is that tempo-
ral information is used in the object detection task.
The existing methods can be divided into two cate-
gories based on their application of temporal infor-
mation: feature-level learning (Feichtenhofer et al.,
2017; Kang et al., 2017; Li JN et al., 2018; Wang
SG et al., 2018; Wang SY et al., 2018; Xiao and
Lee, 2018; Guo et al., 2019; Shvets et al., 2019; Li
NJ et al., 2020) and post-processing strategy (Han
et al., 2016; Kang et al., 2016, 2018).

For feature-level learning, Kang et al. (2017)
proposed a new tubelet network and introduced an
long short-term memory (LSTM) network to incor-
porate temporal information. PSLA (Guo et al.,
2019) is a recursive feature updating subnet and
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a dense feature transforming subnet to integrate
features of sparse key frames and enhance features
of non-key frames.

For the post-processing strategy, Han et al.
(2016) proposed a simple overlap criterion, Seq-
NMS, which has been designed to select boxes to
maximize a sequence score. It is then used to sup-
press overlapping boxes to improve detection per-
formance in video sequences. Kang et al. (2016)
proposed a temporal convolutional network, which
integrates the detection scores, tracking scores, and
anchor offsets to improve detection performance in
videos. Kang et al. (2018) designed a multi-context
false sample suppression and temporal tubelet re-
scoring strategy to improve detection precision. In
this study, YOLO acts as the base detector, and a
novel post-processing algorithm based on group ob-
ject information is proposed to improve detection
precision.

2.2 Unsupervised video object detection

Most of the video detection methods cannot di-
rectly detect the object in a new scene. These detec-
tors should be retrained using new datasets. In this
case, some researchers proposed unsupervised video
detection algorithms. The main strategies of these
methods are unsupervised feature learning, object
discovery, matching, tracking, and domain adapta-
tion (Tang et al., 2012; Kwak et al., 2015; Li D et al.,
2016; Xiao and Lee, 2016; Croitoru et al., 2017; Ma
et al., 2017; Yu et al., 2018; Lahiri et al., 2019).

For example, Croitoru et al. (2017) proposed
an unsupervised object discovery strategy based on
video principal component analysis (PCA) to gen-
erate soft masks to train the detector. A tracking
strategy (Yu et al., 2018) was proposed to obtain
the pseudo labels for training a CNN-based object
detector in video streaming. Tang et al. (2012) com-
bined self-paced domain adaptation and a score tra-
jectory tracking strategy to automatically mine tar-
get domain samples for unsupervised video object
detection. Our method is a scene-adaptive evolution
unsupervised video object detection algorithm.

2.3 Information propagation

Information propagation is an important pro-
cess in video detection. Most video detection meth-
ods design a temporal information propagation strat-

egy to improve detection results, such as optical flow
strategies, deep learning models, and tracking strate-
gies, which consume a lot of space and computing
resources. For example, Zhu XZ et al. (2017) de-
signed an optical flow based warping function to
extract the features of neighboring frames to im-
prove the detection of the current frame. Zhu ML
and Liu (2018) proposed a bottleneck-LSTM layer
to propagate temporal features. COSAM (Subra-
maniam et al., 2019) propagates temporal informa-
tion through information propagation between fea-
ture maps and a weight sharing strategy. Htike and
Hogg (2014) used a tracking strategy to propagate
temporal information. Different from these methods,
we propose a graph-based group information prop-
agation strategy that uses the graph convolutional
network to propagate the information between dif-
ferent object proposal groups.

2.4 Graph neural network

A large number of graph neural network mod-
els have been proposed in recent years (Kipf and
Welling, 2017; Veličković et al., 2018; Wang HW and
Leskovec, 2019; Wu et al., 2019). Most of them are
inspired by the convolutional neural network model,
such as GCN (Kipf and Welling, 2017) and GAT
(Veličković et al., 2018). Taking GCN for example,
the layer-wise feature propagation is

H l+1 = σ(D− 1
2AD− 1

2H lW l), (1)

where A is the adjacency matrix, D the degree ma-
trix, W l the learnable weight in the lth layer, σ(·) an
activation function, and H l = [hl

1, h
l
2, · · · , hl

n] the
lth layer node feature. Therefore, these methods can
be viewed as a message passing algorithm and can
be applied to graph node classification. In this case,
each object proposal group acts as a graph node, and
the GCN model is introduced to propagate the in-
formation between different groups and identify each
group for mining the training dataset in a new scene.

3 Methodology

3.1 Overview

In this study, we propose a scene-adaptive evo-
lution unsupervised video object detection method.
The proposed method can be used to detect objects
in a new scene through scene-adaptive evolution.
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Video datasets consist of the original scene data and
the new scene data. These datasets contain simi-
lar objects and different scenes. The original scene
data acts as the pre-trained data and contains man-
ual annotations. The new scene data, which is un-
labeled in the training process, acts as the detection
data.

The framework of the proposed method is illus-
trated in Fig. 1. It consists of PDG, G-GIP, and
detection. At first, original data is used to train the
initial detection model. Second, the new scene data
is used to establish the visual knowledge represen-
tation of objects through the PDG strategy. Each
frame of new scene data is sent to the initial detec-
tion model for extracting object proposals and the
corresponding features. All extracted features com-
bined with box scale information are clustered by
the k-means algorithm to build a dictionary of ob-
ject prototypes. Each prototype is the center of the
corresponding object group. Third, the graph-based
group information propagation model is proposed to
create the category of positive samples, and then
to mine the new training samples with pseudo la-
bels from the new scene dataset. Finally, the mined

dataset is used to fine-tune the detection model for
new scene detection.

3.2 PDG

In this study, the original and new data is sam-
pled from different scenes. However, the classes and
objects appear to be similar in the original and new
data. Therefore, a PDG is designed to establish a
dictionary of prototype objects to represent object
groups in different scenes.

3.2.1 Pre-training

In this study, YOLO-v2 acts as the baseline
model. We first send each frame of original data
to the YOLO-v2 model to train the initial feature
extraction model. Then the learned feature repre-
sentation model is applied to represent the new scene
data.

3.2.2 Similar sample group clustering

The objects appear to be similar in the origi-
nal and new data. The object discriminant feature
representation in the original data can be obtained

Fig. 1 Framework of the proposed method
YOLO acts as the backbone in this framework. First, the original scene is used to train the backbone network, and the new
scene data is sent to the pre-trained model to generate object proposals. Then, the object proposals are used to construct
the prototype dictionary of objects through PDG strategy. After that, the G-GIP strategy is used to integrate the group
information of each object prototype and to generate positive samples with pseudo labels. Finally, the new scene data is
detected by the detection network which is fine-tuned by the generated positive samples
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by training the YOLO-v2 model. In this case, the
feature representation of the object in the new scene
can be obtained by sending the new scene data to
the trained YOLO-v2 model. The obtained fea-
tures can be used to identify the object. In different
datasets, the objects have different representations
even though these datasets are similar. Therefore, a
similar sample group clustering strategy is proposed
to build a dictionary of prototypes to represent each
object group, which can better distinguish different
objects.

At first, each frame of the new scene dataset
is sent into the trained detection model to generate
object proposals. Fig. 2a shows the obtained ob-
ject proposals, which include positive and negative
samples, such as pedestrian and other objects.

At the same time, the features of each object
proposal at the penultimate layer of darknet19 are
preserved. Then, the initial clustering centers of the
object proposals are randomly generated. At last,
the clustering centers are generated by the k-means
algorithm. The function is designed as

min

N∑

n=1

K∑

i=1

‖Cn − f(xi)‖2, (2)

where N is the number of clustering centers, K is
the number of object proposals, Cn represents the
nth clustering center, xi is the ith object proposal,
and f(xi) represents the feature of object proposal.
The number of initial clustering centers is set to 100.
After iterations, the clustering centers can be acted
as the prototype of the corresponding objects. Mean-
while, these prototypes can be represented as a group

of similar samples. As shown in Fig. 2b, the ob-
ject proposals of new data are divided into different
groups, each of which contains similar objects. To
obtain more stable clustering groups, the scale infor-
mation of each object proposal is combined with the
visual feature representation. The scale information
is defined as follows:

fs =
[
log w, log h,

w

wim
,

h

him
,
w

h
,
h

w
,

e−
w
h , e−

h
w , log (wh),

wh

wimhim

]
, (3)

where w and h are the width and height of each
object proposal respectively, and wim and him are
the width and height of each image, respectively.
Then function (2) is changed to

min

N∑

n=1

K∑

i=1

‖Cn − [f(xi), fs(xi)]‖2 . (4)

Finally, visual object concepts can be used to better
express new scene data through the proposed clus-
tering process.

3.3 G-GIP

The core of the proposed algorithm is to mine
the positive samples with pseudo labels from the un-
labeled new scene data to train the detector. In
Section 3.2.2, all object proposals are divided into
different groups. However, not all these groups are
used to represent positive samples. Negative sam-
ples may exist in groups. In this case, a graph-based
group information propagation strategy is proposed

Fig. 2 Object proposals of a new scene dataset: (a) independent object proposals; (b) groups of object
proposals
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to create the category of positive samples. The G-
GIP consists of intra-group confidence propagation
and graph-based inter-group information propaga-
tion, as shown in Fig. 3. Intra-group confidence
propagation is used to initially define object groups.
Graph-based inter-group information propagation is
used to improve the definition precision of object
groups.

Fig. 3 Intra-group confidence propagation and inter-
group information propagation of object proposals

The confidence of each object proposal can be
obtained by the initial detection model. The greater
the confidence value, the more likely the object pro-
posal to be a positive sample. Each group’s mean
value and standard deviation are calculated for fur-
ther analysis. The confidence distribution is shown
in Fig. 4. As shown in Fig. 4, the confidence of the
group in the upper right corner has a large mean
value and small standard deviation, which indicates
that this group includes large numbers of positive
samples. In this case, intra-group confidence propa-
gation is proposed to select the initial positive sam-
ple group. At first, the mean value of confidences of
each object is applied to represent each group. Then,
the high confidence groups are defined as the initial
positive sample groups.

However, by observing the examples (in red cir-
cles), we find that some groups representing the pos-
itive objects are not distributed in the upper right
corner of Fig. 4. This indicates that these sam-
ples have similar features but different confidence
in this group, and that these groups will not be se-
lected as positive groups. In this case, graph-based
inter-group information propagation is proposed to
mitigate this limitation and split the positive and
negative groups.

Mean

S
TD

Fig. 4 Confidence distribution of each group
Each patch represents one object group. References to color
refer to the online version of this figure

Graph-based inter-group information propaga-
tion consists of two parts: graph construction and
graph node recognition. Graph construction is pro-
posed to build a graph to represent all groups. An
undirected graph G = (V , E) is applied to represent
all groups. Each group acts as the graph node V ,
and the clustering center feature of each group is
applied to represent a graph node. The edge E is
determined by the relation of one group to another.
To describe the graph structure in the matrix form,
an adjacency matrix A is built. Aij represents the
edge and the connection of node i and node j. The
cosine similarity is used to generate Aij :

Aij =
fi · fj

‖fi‖‖fj‖ , (5)

where “ ·” represents the vector inner product, and
fi and fj represent the clustering center features of
group i and group j, respectively. All proposals in
each group are selected by the positive sample gener-
ated by the initial detection model. Therefore, there
is a certain similarity between nodes. The adjacency
matrix is dense, so it is difficult to separate the nodes
from one another. Then, we design a row top-k strat-
egy to improve the adjacency matrix A. The detail
is shown in Eq. (6):

Aij =

⎧
⎪⎪⎨

⎪⎪⎩

Aij , Aij ∈ Ai,:;(top3), i �= j,

1, i = j,

0, otherwise.

(6)
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On the basis of the group graph structure, a
GCN model is introduced to redefine each node.
Initially, a few nodes with high and low confidence
are selected as labeled nodes. Then, the GCN model
is trained on the group graph structure. Finally, the
positive nodes that are recognized by GCN are re-
tained for extracting positive samples. The graph
convolution process is as follows:

H l+1 = σ(ÂH lW l), (7)

where Â = D
1
2AD

1
2 , D is the degree matrix,

H l ∈ R
N×m is the node feature matrix (here, N

is the number of nodes and m is the dimension of the
node feature), W l is the lth layer weight, and σ(·)
is the nonlinear activation function. After repeated
training, we notice that the node recognition results
are not stable, and are, in fact, different. However,
each node represents an object group that contains
a large number of objects. Obviously, this situation
affects the collection of the final positive samples.
To overcome this shortcoming, we add a simple sub-
net to modify the adjacency matrix. Through the
modified adjacency matrix, we obtain a more stable
graph convolution model that can generate more sta-
ble node recognition results. The subnet function is
as follows:

Am(ij) =

{
leakyrelu(w · [fi, fj ]), Aij > 0,

0, otherwise,
(8)

where w is the network weight, “ ·” is the vector inner
product, and fi and fj are the node features. The
framework is shown in Fig. 5. Finally, the object pro-
posals belonging to all positive nodes comprise the
positive samples of the new dataset for fine-tuning
the detection model.

3.4 Detection

In this subsection, we introduce the detection
process. Initially, the positive samples of the new
scene dataset generated by G-GIP act as the new
training dataset for fine-tuning the initial detection
model. Then, each frame of new scene data is sent to
the fine-tuned model to obtain the detection results.
Finally, the results of the new scene data are obtained
using the non-maximum suppression (NMS) strat-
egy. By the above processes, the proposed method
can detect the object in the new scene.

Initial A

Node 
feature

A

Node cls

NN

GCN

Modification

Fig. 5 Framework of the graph network (NN is the
modification subnet)

4 Experiments

4.1 Dataset and setup

In this study, we propose a scene-adaptive evo-
lution unsupervised video object detection algo-
rithm, which is applied to detect pedestrian in scene-
changed video surveillance data. In this case, we
construct several video surveillance datasets named
Public-Security, Residential-K, J-road, S-path, S-
gate, SW-gate, and Residential-M to verify the pro-
posed algorithm. Public-Security acts as the orig-
inal scene dataset, and Residential-K , J-road, S-
path, S-gate, SW-gate, and Residential-M act as new
scene datasets. Public-Security includes 40k frames,
Residential-K contains 58k frames of training data
and 4.8k frames of test data, J-road contains 21k
frames of training data and 5.7k frames of test data,
S-path contains 27k frames of training data and 0.7k
frames of test data, S-gate contains 11k frames of
training data and 1.6k frames of test data, SW-gate
contains 49k frames of training data and 5.7k frames
of test data, and Residential-M contains 8.7k frames
of training data and 1.1k frames of test data; the
training data of new scene datasets does not contain
labels. The size of all video frames is 1920 × 1080.
All test data examples are shown in Fig. 6. These
datasets include the day and night scenes.

To verify the effectiveness of the proposed algo-
rithm, additional public datasets are introduced in
the experiments. The scene-adaptive evolution un-
supervised video object detection task is similar to
unsupervised domain adaptation based object detec-
tion. The difference is that the scene-adaptive evolu-
tion does not use the source scene dataset to develop
the model in new scene detection. Therefore, the
public datasets of unsupervised domain adaptation
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can be used to simulate the scene-adaptive evolu-
tion. Three public datasets are used in our ex-
periments. KITTI (Geiger et al., 2012) contains
7481 labeled images with different scenes in a city.
Sim10k (Johnson-Roberson et al., 2016) collects 10k
images of different city scenes in Grand Theft Auto
V. Cityscapes (Cordts et al., 2016) contains 2975
training images and 500 validation images collected
from the outdoor street scenes of different cities. In
this study, the KITTI and Sim10k datasets act as
different source scenes and the Cityscapes dataset
acts as the new scene.

The base detection model is YOLO-v2, and the
backbone is darknet19. During training, Adam acts
as the solver, the batch size is 20, the epoch is set to 5,
the learning rate is set to 1× 10−5, the weight decay
is 3× 10−4, and the NMS threshold is set to 0.3. For

GCN training, the learning rate is 0.01, the weight
decay is 5 × 10−4, and there are 500 iterations. The
number of cluster centers is set to 100. Finally, the
Recall-FPPI0.1 (RF0.1) and average precision (AP)
are used to evaluate the proposed method. All the
experiments are performed using PyTorch with ver-
sion 1.1.0 and PyThon running on one Tesla V100.

4.2 Results

Our method is compared with YOLO-v2 using
the Residential-M dataset to demonstrate the ef-
fectiveness. The results are shown in Table 1 and
Figs. 7–10. The RF0.1 of our method is 96.21%,
which is 5.45% higher than that of YOLO. It indi-
cates that our method can greatly improve the false
positives. Our method achieves 97.13% AP, which
is 3.03% higher than that of YOLO. This indicates

(a) (b) (c)

(d) (e) (f)

Fig. 6 Examples of all test scenes: (a) Residential-K; (b) J-road; (c) S-path; (d) S-gate; (e) SW-gate;
(f) Residential-M
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Fig. 7 Recall-FPPI curves (YOLO, class: 3, iou-thres = 0.30): (a) baseline model; (b) the proposed model
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Fig. 8 Recall-precision curves: (a) baseline model (class: 3, AP = 0.94, iou-thres = 0.30); (b) the proposed
model (class: 3, AP = 0.97, iou-thres = 0.30)

Mean
S

TD (b)

Mean

S
TD (a)

Fig. 9 Effect of graph-based group information propagation on the group distribution: (a) the distribution of
proposals before G-GIP; (b) the distribution of proposals after G-GIP (References to the color refer to the
online version of this figure)

Fig. 10 Examples of detection results on the Residential-K dataset
The left part of each image shows the detection results of the baseline model, and the right part shows the results of the
proposed method
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that our method can also improve the recognition of
positive samples. Compared with the Recall-FPPI
curves in Fig. 7, the curve generated by our method
is closer to the left upper corner, which indicates that
our method leads to fewer false positives. Compared
with the Recall-precision curves in Fig. 8, the curve
generated by our method is closer to the right up-
per corner, which indicates that our method achieves
higher precision and recall. The left part of each sub-
image in Fig. 10 shows the results of the baseline
model, and the right part shows the results of the
proposed method. Comparing these image pairs, the
results show that the proposed method can reduce
false detection and missed detection, and improve
the detection results.

Table 2 shows the detection results of the posi-
tive sample selection strategy based on a confidence
grid search. The RF0.1 is improved while the AP
declines, which indicates that sample selection can
reduce false positives, but still does not meet expec-
tations. The experimental results are further im-
proved when simple similar group clustering is intro-
duced into the proposed algorithm, which is shown
in Table 3.

Table 1 Detection results of the baseline model and
the proposed method

Model RF0.1 (%) AP (%)

YOLO-v2 90.76 94.10
G-GIP 96.21 97.13

Table 2 Confidence grid search for positive sample
selection

Confidence RF0.1 (%) AP(%)

0.70 91.13 92.94
0.75 90.60 92.78
0.80 92.00 93.12
0.85 92.37 93.60
0.90 89.40 88.81

YOLO-v2 90.76 94.10

Best results are in bold

Table 3 Group with top-k confidences for positive
sample selection (without G-GIP)

Top-k RF0.1 (%) AP (%)

Top-35 90.30 94.62
Top-40 91.56 95.19
Top-45 91.04 95.15
Top-50 91.54 95.31

YOLO-v2 90.76 94.10

Best results are in bold

Fig. 2a shows the independent object propos-
als of the new scene dataset. These object proposals
contain positive and negative samples, which demon-
strates the effectiveness of scene transfer. Fig. 2b
shows the group object proposals of the new scene
dataset. This shows that the object proposals can
be divided into different groups by the simple clus-
tering strategy. Comparing Tables 2 and 4, we find
that the detection method can be improved by group
information in the detection of the new scene. The
bold values of Tables 2–4 are the best results.

Table 5 shows the stability of the graph model
in different conditions. In this table, we compare
the graph node classification results of the proposed
method with and without the adjacency matrix mod-
ification subnet. We conducted multiple experiments
with different numbers of training nodes. Pm is the
mean number of positive nodes classified by the G-
GIP model. Ps is the corresponding standard de-
viation. When the training model is repeated 50
times, the results show that the adjacency matrix
modification subnet can generate smaller standard

Table 4 Results of the final detection

Node RF0.1 (%) AP (%)

4 96.13 97.15
6 96.00 97.03
8 96.11 96.65
10 96.26 97.02
12 96.21 97.13
16 95.78 96.87
24 95.96 97.37
32 95.72 97.21
50 95.56 97.20
80 94.45 96.40

YOLO-v2 90.76 94.10

Best results are in bold

Table 5 Node classification results with 50 G-GIP
training repetitions

Node
With subnet Without subnet

Pm Ps Pm Ps

4 41.60 0.95 40.80 2.15
6 38.70 1.04 41.90 11.90
8 37.00 0 38.90 1.77
10 37.00 0 40.20 8.72
12 37.10 0.27 40.30 8.65
16 37.10 0.92 39.90 2.18
24 39.20 0.88 40.70 8.79
32 39.90 0.55 42.30 11.90
50 41.80 1.21 52.80 8.00
80 49.10 1.70 59.10 12.90

Pm is the mean number of positive nodes classified by the
G-GIP model. Ps is the corresponding standard deviation
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deviation and more stable graph node recognition
results. Fig. 11 also demonstrates that the subnet
can improve the graph node recognition results.

Comparing Tables 3 and 4, the results indicate
that G-GIP can improve the group distribution for
obtaining more effective positive samples. In Fig. 9,
we can clearly observe the change of group distribu-
tion, i.e., the groups in red circles are moving to the
top right corner.

To further demonstrate the scene adaptability
and generality of the proposed method, all video
surveillance datasets are used to test the proposed
method and YOLO-v3, as the basic detection model
is combined with the proposed method. The results
are shown in Tables 6 and 7. The mean RF0.1 of
YOLO-v3 is 6.95% lower than that of the proposed
method, and the mean AP of YOLO-v3 is 2.95%
lower than that of the proposed method.

For public datasets, the proposed method is
compared with the state-of-the-art unsupervised do-
main adaptation object detection methods (He and
Zhang, 2019; Khodabandeh et al., 2019; Shen et al.,
2019; Zhu XG et al., 2019). Otherwise, most of

these comparative methods are based on the VGG16-
based faster R-CNN detection framework. There-
fore, the VGG16-based faster R-CNN (without any
other tricks: multi-scale, FPN, OHSM, focal loss,
and so on) acts as the basic detection model in the
proposed G-GIP(F). The results are shown in Ta-
ble 8; the faster R-CNN and YOLO-v3 results are
also shown, which detect a new scene through the
model trained by the source scene. An example of
faster R-CNN detection results is shown in Fig. 12.
These results demonstrate that the proposed method

Table 8 AP of the KITTI-to-Cityscapes (K2C) and
Sim10k-to-Cityscapes (S2C)

Model
AP (%)

K2C S2C

Khodabandeh et al. (2019)’s 43.00 42.60
Zhu XG et al. (2019)’s 42.50 43.00
Shen et al. (2019)’s 41.90 42.60
He and Zhang (2019)’s 41.00 41.10
Faster R-CNN 35.76 33.10
G-GIP(F) 42.75 37.81
YOLO-v3 47.90 53.70
G-GIP(Y) 51.50 59.40

 0.75
 0.50
 0.25
      0
−0.25

−0.50
−0.75
−1.00

−0.80 −0.60 −0.40 −0.20 0  0.20  0.40  0.60
x

y

(a)

 0.75
 0.50
 0.25
      0
−0.25
−0.50
−0.75
−1.00

−1.00 −0.75 −0.50 −0.25 0  0.25  0.50  0.75
x

 1.00

(b) (c)

 0.75
 0.50
 0.25
      0
−0.25
−0.50
−0.75
−1.00

−1.00 −0.75 −0.50 −0.25 0  0.25  0.50  0.75
x

 1.00

Fig. 11 Effect of graph-based group information propagation: (a) the proposed method without G-GIP;
(b) G-GIP strategy without an adjacency matrix modification subnet; (c) final results
Red nodes are the positive groups and green nodes are opposite. References to the color refer to the online version of this
figure

Table 6 RF0.1 of all video surveillance datasets

Model
RF0.1 (%)

Mean (%)
J-road S-path S-gate SW-gate Residential-M Residential-K

YOLO-v3 68.08 63.48 40.36 77.67 74.59 94.93 69.85
G-GIP 73.64 72.17 50.07 82.63 85.64 96.46 76.80

Table 7 AP of all video surveillance datasets

Model
AP (%)

Mean (%)
J-road S-path S-gate SW-gate Residential-M Residential-K

YOLO-v3 95.20 83.73 60.60 91.75 84.82 96.17 85.38
G-GIP 96.31 87.37 66.02 92.60 90.41 97.29 88.33



Pu et al. / Front Inform Technol Electron Eng 2021 22(5):638-651 649

(a)

(b)

Fig. 12 Examples of detection results on K2C (a) and S2C (b)
The left parts of (a) and (b) show the detection results of the baseline model training on the source data, and the right
parts of (a) and (b) show the results of the proposed method

can obtain competitive domain adaptation detection
results without domain alignment, instance align-
ment, or class alignment. Moreover, the proposed
method can obtain better results on the powerful
baseline model.

In summary, experimental results show that the
proposed method can autonomously mine positive
samples in different scenes through the G-GIP strat-
egy and detect objects in different scenes. Otherwise,
the G-GIP strategy can be combined with different
basic detection models. In this case, the proposed
method can achieve adaptive evolution with chang-
ing scenes.

5 Conclusions

In this paper, we have proposed a scene-adaptive
evolution unsupervised video object detection algo-
rithm based on the object groups concept, which
consists of a prototype dictionary generation strat-
egy and a graph-based group information propaga-
tion strategy. The PDG has been proposed to build
a dictionary of object prototypes to represent the vi-
sual knowledge of object groups. Then, the G-GIP
strategy has been proposed to create the object pro-

totype category for mining positive samples from the
unlabeled new scene dataset. Finally, the new pos-
itive samples with pseudo labels act as the training
data to fine-tune the detection model for detecting
the new scene. The experimental results showed that
the proposed method can adapt to and evolve with
changing scenes, and demonstrated the effectiveness
of the proposed method. Moreover, the proposed
method can effectively reduce false positives.
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