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Abstract

For some important object recognition applications such as intelligent robots
and unmanned driving, images are collected on a consecutive basis and asso-
ciated among themselves, besides, the scenes have steady prior features. Yet
existing technologies do not take full advantage of this information. In order
to take object recognition further than existing algorithms in the above appli-
cation, an object recognition method that fuses temporal sequence with scene
priori information is proposed. This method first employs YOLOV3 as the
basic algorithm to recognize objects in single-frame images, then the DeepSort
algorithm to establish association among potential objects recognized in im-
ages of different moments, and finally the confidence fusion method and tem-
poral boundary processing method designed herein to fuse, at the decision
level, temporal sequence information with scene priori information. Experi-
ments using public datasets and self-built industrial scene datasets show that
due to the expansion of information sources, the quality of single-frame im-
ages has less impact on the recognition results, whereby the object recognition
is greatly improved. It is presented herein as a widely applicable framework
for the fusion of information under multiple classes. All the object recognition
algorithms that output object class, location information and recognition con-
fidence at the same time can be integrated into this information fusion frame-
work to improve performance.

Keywords

Computer Vison, Object Recognition, Deep Learning, Consecutive Scene,
Information Fusion

1. Introduction and Motivation

As an important branch of computer vision and artificial intelligence, object
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recognition is widely used in intelligent robots [1] [2], industrial detection [3] [4],
unmanned driving [5] [6], video surveillance [7] [8] and other fields and a re-
search hotspot these days. The algorithms in the earliest days relied on basic vi-
sion, such as grayscale, color, texture, and shape, and traditional machine learning
classification methods to recognize objects. In 2001, the V] detector designed by
P. Viola and M. Jones to extract Haar features for face recognition made a break-
through in face recognition technology [9], marking that higher-order features
began to be applied to object recognition. DPM (Deformable Parts Models) pro-
posed by P. Felzenszwalb in 2008 played an important role for a long time back
then [10], and then R. Girshick improved it, increasing the processing speed by
more than 10 times without any compromise on accuracy [11].

The recognition rate and accuracy have been greatly improved when deep learn-
ing, which began to rise in 2012, smashed the limitation where traditional object
recognition methods need manual efforts to extract visual features [12] [13].
RCNN (Region Convolutional Neural Network) [14] proposed by R. Girshick in
2014 is such a representative method of deep learning object recognition (DLOR).
that works by generating candidate regions from image input, extracting the fea-
tures of each candidate region via CNN, then sending the features to SVM (Sup-
port Vector Machine) classifier for the identification of object class, and finally
correcting the position of candidate frame by the regressor, whereas SPPNet (Spa-
tial Pyramid Pooliing Networks) [15] proposed by K. He et al in the same year
converts the corresponding part of the feature map and the candidate region into
fixed-size features, reducing the loss of useful information. Many iconic methods
have been proposed one after another in the year of 2015 that DLOR technologies
mushroomed. The Fast RCNN [16] model proposed by R. Girshick based on
RCNN has a simplified network structure due to ROI (Region of Interest) in lieu
of the pyramid pooling layer of SPPNet and consumes less computing resources
thanks to new multi-task loss function. The Faster RCNN [17] model proposed
by S. Ren et al. replaces ROI with RPN (Region Proposal Network) to further in-
crease its running speed. It is the first end-to-end framework for DLOR. The
methods above are all two-stage ones where recognition process undergoes such
two-stages as first extracting image features by regions, and then performing ob-
ject classification and bounding box regression. But one-stage methods only ex-
tract features once before they recognize objects at an accuracy slightly lower but
a speed greater than those of the two-stage ones. Typical one-stage methods in-
clude: SSD [18] (Single Shot MultiBox Detector) proposed by W. Liu et a/ and
YOLO [19] (You Only Look Once) proposed by R. Joseph et al The way YOLO
solves object recognition as a regression problem is advantageous in terms of fast
speed and low background false positive rate, but disadvantaged in the aspects of
precision as well as recall rate of small objects. YOLOv2 [20] and YOLOV3 [21]
appeared in response to the shortcomings of YOLO after researchers improved
the feature network structure and increased the prediction scale. After years of
development, the YOLO series algorithms have gradually become one of the most

popular DLOR algorithms and led to a large number of applied research on YOLO

DOI: 10.4236/0japps.2024.149172

2611 Open Journal of Applied Sciences


https://doi.org/10.4236/ojapps.2024.149172

Y. K. Caoetal.

series algorithms. W. Qin et al propose a ship-detection method based on a deep
convolutional neural network that is modified from YOLOv3. They added a
squeeze-and-excitation (SE) structure to the backbone network to strengthen the
ability to extract features. Through a large number of experiments prove this
method improves the speed [22]. J. Jun Feng et al propose a real-time perfor-
mance fabric defect detection method based on the YOLOv3 model which com-
bined with the high-level information and the low-level features. And YOLO de-
tection layer was added to feature maps of different sizes to make it more suitable
for defect detection of grey fabric and lattice fabric [23]. The YOLO algorithm is
still under continuous development. In some recent studies, data processing, net-
work structure, and loss function are further optimized.

Although great success has been achieved for DLOR algorithms represented by
the YOLO series, when some traditional difficulties, such as poor light, misshapen
objects, and large-scale changes in object scale, come up in object recognition,
guaranteed accuracy and stability are still a challenge to results. The above prob-
lems will persist as long as we use only single sources of information and single
models of recognition. Therefore, efforts are being made to further improve object
recognition by expanding the information sources used for object recognition, as
a result, information fusion technology is widely used in object recognition. H.
Yang et al. propose a method for low-dimensional, strongly robust, and fast space
target ISAR image recognition based on local and global structural feature fusion.
The method makes up for the missing structural information of the trace feature
and ensures the integrity of the ISAR image feature information [24]. Chen et al.
propose a target-level fusion method for intelligent vehicle target detection based
on information collected millimeter-wave (MMW) radar and camera. The exper-
imental results indicate that the proposed algorithm can complete a tracks associ-
ation between the MMW radar and camera, and the method has an excellent per-
formance [25]. W. Chang et al. propose a method of fusing the spectral feature
difference image (DI) and textural feature (grey level co-occurrence matrix) DI
obtained by change vector analysis (CVA) to improve the accuracy of multi-
source remote sensing image building change detection. Experiments results show
that this method can significantly improve the change detection performance of
multi-source remote sensing image building [26]. These fruitful studies have
played an important role in practical applications.

In the existing information fusion research on object recognition, most of the
information used therein comes from one or more sensors at the same moment,
and most of the methods used therefor belong to information fusion on data level
and information fusion on feature level. For some important object recognition
applications such as intelligent robots and unmanned driving, images are col-
lected on a consecutive basis and associated among themselves, besides, the scenes
have steady prior features. This means that more information is available from
these scenes to improve object recognition. Efforts are expected to further expand
the research of information fusion in the field of object recognition.

An object recognition method that fuses temporal sequence with scene priori
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information is proposed herein for consecutive scenes with steady features. This
method first employs YOLOV3 as the basic algorithm to recognize objects in single-
frame images, then the DeepSort [27] [28] (simple online and real-time tracking
with a deep association metric) algorithm to establish association among potential
objects recognized in images of different moments, and finally the confidence fusion
method and temporal boundary processing method designed herein to fuse, at the
decision level, temporal sequence information with scene priori information. Ex-
perimental studies show that the method introduced herein better suppresses the
influence of interference factors such as light conditions and object scale changes,
and significantly improves the comprehensive performance of object recognition.

The remainder of this paper is organized as follows: Part 2 describes the prin-
ciple of YOLOvV3; Part 3 introduces the information fusion object recognition
method proposed herein; Part 4 is devoted to the analysis and discussion of the
results of the proposed method applied to the instances. Finally, this paper is con-
cluded in Part 5.

2. YOLO Algorithm for Object Recognition

Although some newer DLOR algorithms have come out recently, the YOLOv3
algorithm with excellent synthetic performance in extensive testing is still one of
the mainstream choices. The overall structure of its network is shown in Figure 1
where Res represents the residual network (ResNet) structure designed to solve
the degradation caused by the deepening of the network structure; the CBL mod-
ule consists of three parts: convolution level, Batch Normalization and Leaky
ReLU activation function, effectively solving the problems such as gradient van-
ishing, gradient explosion, and overfitting that are adverse to training; and Concat
operation is used for the fusion of deep and shallow feature maps. When the al-
gorithm works, first, the detection images are resized to 416 pixel x 416 pixel and
input to the Darknet-53 backbone network for feature extraction. And, the feature
pyramid structure capable of multi-scale detection introduced drawing on the
idea of FPN (Feature Pyramid Networks, FPN) extracts 8-time, 16-time and 32-
time feature maps from the backbone network respectively, and anchor boxes and
non-maximum value suppression are used to output, in the form of detection box,
the recognition results of large-, medium- and small-scale objects and the confi-

dence information thereof.

3. Proposed Method

The method proposed herein fuses the object recognition results obtained from
multi-frame images consecutively collected by the deep learning model with scene
priori information at the decision level, thereby improving the comprehensive
performance of object recognition. The new method has an overall technical
framework as shown in Figure 2, mainly including: single-frame image object
recognition, inter-frame object registration, and multi-class information fusion-

based correction of recognition results.
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Figure 1. Overall structure of YOLOV3.
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Figure 2. Overall technical framework.

3.1. Single-Frame Image Object Recognition and
Inter-Frame Object Registration

The detailed flow of single-frame object recognition and inter-frame registration
is shown in Figure 3. Single-frame image object recognition is used to obtain the
class, location and confidence information of potential objects. In the technical
framework proposed herein, all object recognition algorithms that provide the
above information can be used to recognize objects from single-frame images.
Considering that the great success achieved by YOLOvV3 algorithm in the field of
object recognition in recent years, YOLOV3 is used herein to accomplish this step.

The step of inter-frame object registration is taken to establish the association
among potential objects recognized at different moments. DeepSort, a technical

framework commonly used for object tracking, is employed herein to accomplish
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this step. By first resorting to recursive Kalman filtering to predict the positions
of all potential objects that have appeared before in the current frame (frame F),
then matching the inter-frame objects by considering both motion information
and appearance information. The formula for calculating the matching degree of

1
motion information d()(U,V) is:

' Start '

\ 4
Input the F-th
frame image

\ 4
Kaman filter to predict 10U match
current frame position of
all potential objects

\ 4
Hungarian algorithm to

sort out the optimal

Single-frame object

L match
recognition
\ 4
\4
Extract the feature Associated ID
information of the
detection object
\ 4
\ 4 i
Motion information and Ka'"?a" fllter.update
information

appearance information
match

Is it the last

. FeF frame?

Figure 3. Single-frame object recognition and inter-frame
object registration process.

d(l)(u’v):(du_yv)T S&l(du _yv) (1)

Wherein d, is the position of detection box of the u-th object identified by
YOLOV3 in the image of the F-th frame, and y, is the very place that the object
whose ID is |
frame as predicted by the recursive Kalman filter algorithm, and S, is the co-

, and whose frames have appeared is in the image of the F-th

variance matrix between d, and vy, .
The formula for calculating the matching degree d @ (U ' V) of appearance in-

formation is:

d® (u,v)= min {l— Y

Y e RV} @)

Wherein r, is the appearance feature vector extracted by d,, and r, is the
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set of those q times appearance feature vectors of the object whose IDis 1, that

have appeared (q < 100; 30 is assi%ned to it in this paper). DeepSort sets the linear
1 2

(U,V) and d® (U,V) to be the measure of

how well the motion information matches the appearance information:

Cyy = A (uv)+@-2)d® (u,v) 3)

weighted result C,, from d'

Wherein 1 is a hyperparameter that controls the influence of the two metrics
on the results (0.01 is assigned to it in this paper). If C,, falls within the thresh-
old range (0.32 is assigned to it in this paper)where the two match each other, it
is considered that the u-th potential object identified in the F-th frame is the very
potential object with ID |
appearance information match successfully. The u-th potential object is identified
after ID |
taken to judge whether the object matches by the indicator Intersection Over Un-
ion (IOU) between d, and vy,.

The object detection and registration process of the method proposed herein is

, that has appeared before. Motion information and

is assigned to the F-th frame. Otherwise, a further step should be

v

shown in Figure 3. It should be pointed out that yet there is a combinatorial op-
timization problem in the one-to-one registration of the v potential objects that
have appeared and the u objects identified in the F-th frame. The technical frame-
work of DeepSort works by the Hungarian algorithm to recursively sort out the
optimal match between the v potential objects that have appeared and the u object
identified in the F-th frame.

3.2. Fusion of Temporal Sequence Information

Real objects usually appear simultaneously in multi-frame images captured con-
secutively. The method proposed herein fuses the single-frame detection confi-
dences of the same potential object at multiple moments after object recognition
in a single-frame image is registered with inter-frame object, and outputs the cor-
rected new confidences. If after detection and registration, the confidences of ob-

ject recognition for a potential object inconsecutive & frame images are p,,

p,> .- Py respectively, then the confidence p, obtained after information
fusion and planning are:
. P <1
pk _ ﬂk ﬂk (4)
1,8 >1

Equation (4) ensures that the resulting confidence p, is a constant between
[0, 1]. And in the equation, f, is the calculated value for the multi-frame confi-

dence fusion:

[.Z:: ab*”! pij f (x)
iZ::abk“

Wherein a is the single-frame basic contribution; and 4 is the forgetting factor

ﬂk = (5)

(b € (0, 1)), whose function is to gradually reduce over time the weight of the
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DLOR result of a certain frame in the confidence fusion for the subsequent mo-
ments. f(x) isa multiplication function, whose calculation formula is:
1, X<z
f(x)= c (6)

1+2e790x) 7 x=7

Wherein the variable xis the proportion of the images where YOLOV3 can de-
tect an object.to a consecutive sequence of images captured since the first appear-
ance of the object. If x is greater than or equal to z the calculated value f, of
the multi-frame confidence fusion will be greatly increased, otherwise it will stay
as it is. ¢ is the multiplication factor, and d, the multiplication adjustment factor.

Parameters z ¢ and d are valued as appropriate.

3.3. Fusion of Scene Prior Information

It is often that new objects appear in the process of object recognition in consec-
utive scenes. Let m be the minimum length of temporal sequence for the fusion of
temporal sequence information under the method proposed herein (m is valued
as appropriate). If the number of image frames collected for a new object from the
time-series images in which it appears is less than m, it is obviously impossible to
perform time-series information fusion by the method in Section 3.2. This prob-
lem happens to provide an interface for the method proposed herein to fuse scene
priori information. The specific process to fuse scene priori information is shown
in Figure 4, where area A is the reasonable area delineated according to scene
priori knowledge where a new object might appear for the first time, and area B is
the unreasonable area where it might appear for the first time. The object recog-
nition confidence of (m-k) moments missing from the fusion of temporal se-
quence information is set to be either the object recognition confidence of the
current frame image if the new object appears in area A for the first time, or 0 and
if it appears in area B for the first time. After the scene priori information is fused,
the confidence for the new object can also be corrected by the method described
in Section 3.2. And if the area where a new object appears for the first time does
not match the scene priori information, the recognition confidence of the object
will be significantly reduced.

For ease of understanding, scenes used in part 4 are taken as examples to illus-
trate how to the delineate areas based on the scene priori knowledge. As shown in
Figure 5, according to common sense, the central area in front of the observer and
the areas on the left and right sides are reasonable areas where new object might
appear for the first time in this scene and thus should be each delineated as area
A, while the other area is the unreasonable area where new objects might appear

for the first time and thus should be delineated as area B.

4. Experiments and Analysis
4.1. Test Platform

The configuration of the hardware platform for the object recognition algorithm

DOI: 10.4236/0japps.2024.149172

2617 Open Journal of Applied Sciences


https://doi.org/10.4236/ojapps.2024.149172

Y. K. Caoetal.

in the experiment is: dual Nvidia GTX3080 graphics cards, and dual Intel(R)
Xeon(R) Gold 6139M CPUs. The deep learning and information fusion algorithms
are implemented using Pytorch (1.8.1) and CUDA (11.1) under the integrated de-

velopment environment Pycharm (2020.2.3) in the Windows 10 operating system.

k<m?

No

Yes

Area delineate according to
scene priori knowledge

Whether the new
object is in area A?

Set the confidence of (m-k)
moments missing to be either
the current frame confidence

Set the confidence of (m-k)
moments missing to 0

L J

v

Confidence correction
using the method in -+
Section 3.2

Figure 4. Flow chart of the fusion of scene priori information.

(a) (b)

Figure 5. Area delineation according to priori knowledge. (a) Public dataset scenes; (b)

Self-built dataset scene.
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4.2. Experiments Using Public Dataset

The information fusion object recognition method proposed herein this paper was
first tested on public datasets. During the experiment, 80% of the samples were
extracted from the “Urban object detection” dataset [29] for the training and test-
ing of basic DLOR (the samples were divided into training set, validation set and
test set in the proportion of 3:1:1). The method proposed herein is applicable to
consecutive scenes only, but the “Urban object detection” dataset contains few
consecutive scenes. Therefore, in the comparison of recognition accuracy between
this method and basic DLOR, in addition to the two consecutive scenes taken from
the “Urban object detection” data, four consecutive scenes were also extracted
from the “BDD100K” dataset [30]. The scenes used are shown in Figure 6, and
the number of images, objects and types included in each scene, in Table 1. The
Areas A and B in each scene are divided according to the example in Section 3.3,
and the parameter values for information fusion to be conducted by the method
proposed herein are shown in Table 2. Given 0.05 and 0.3 as the confidence
thresholds to judge whether an object exists, the basic DLOR (YOLOv3) and the
method proposed herein are compared and analyzed by the false positive rate and

the miss rate, leading to the results shown in Table 3 and Table 4.

(© (d)

Figure 6. Public dataset scenes used for algorithm performance evaluation (a) Scene 1; (b)
Scene 2; (c) Scene 3; (d) Scene 4; (e) Scene 5; (f) Scene 6.
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Table 1. Basic information about six consecutive scenes.

Scenes Number of images  Total objects Object type
Scene 1 13 43 person/traffic signal
Scene 2 15 58 car/traffic light
Scene 3 20 83 car

Scene 4 20 107 car/person
Scene 5 102 646 car/person/traffic light
Scene 6 202 858 car/person/traffic light

Table 2. Parameter valuing to run the algorithm.

Parameter a b C d z m L (pixel) W (pixel) R (pixel)

/3 2/3 3 8 0.5 3 475 460 135

Value
1/3 2/3 5 5 0.5 3 475 460 135

Table 3. False positive rate and miss rate under the two methods with the threshold of 0.05.

Basic DLOR Method herein

Scene  Object Type
False positive rate Miss rate False positive rate ~ Miss rate

person 0 27.2% 0 8.0%
Scene 1
traffic signal 4.5% 18.8% 0 4.5%
car 5.4% 17.6% 4.1% 6.7%
Scene 2
traffic light 5.3% 39.5% 2.6% 23.7%
Scene 3 car 2.5% 4.8% 1.2% 0
car 7.7% 12.3% 3.2% 5.9%
Scene 4
person 12.0% 23.0% 4.0% 7.0%
car 10.1% 27.7% 9.8% 22.8%
Scene 5 person 4.1% 16.3% 4.1% 0
traffic light 3.4% 18.8% 2.9% 15.6%
car 3.4% 3.8% 3.0% 1.3%
Scene 6 traffic light 4.7% 2.6% 4.7% 2.0%
person 15.9% 7.5% 13.6% 3.0%

It can be seen from Tables 1-4 that when the confidence threshold is set to 0.05,
the performance of the method proposed herein is significantly better than that of
basic DLOR in all the six scenes, to be specific, the false positive rate of various
objects in each scene under the former algorithm is 1.98% lower than that under
basic DLOR on average, and the miss rate, 9.18% lower than that under the latter.
The object recognition of person in scene 4 by the method proposed herein shows
the most significant performance improvement, as suggested by the miss rate and

false positive rate reduced by 16% and 8%, respectively.
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Table 4. False positive rate and miss rate under the two methods with the threshold of 0.3.

Basic DLOR Method herein

Scene Object Type
False positive rate Miss rate False positive rate Miss rate

person 0 35.6% 0 24.7%

Scene 1
traffic signal 0 40.9% 0 27.7%
car 0 27.0% 0 18.9%

Scene 2
traffic light 0 42.1% 0 29.4%
Scene 3 car 0 29.5 % 0 21.8%
car 5.1% 23.0% 3.2% 17.6%

Scene 4
person 0 45.0% 0 37.5%
car 0 49.5% 0 42.1%
Scene 5 person 0 51.0% 0 39.9%
traffic light 0 25.0% 0 20.6%
car 0.6% 19.0% 0.2% 13.1%
Scene 6 person 0 26.2% 0 18.8%
traffic light 0 51.5% 0 40.8%

When the confidence threshold is set to 0.3, the missed detection rate perfor-
mance of the method proposed herein is also significantly better than that of basic
DLOR in all the six scenes, to be specific, the miss rate of various objects in each
scene under the former algorithm is 8.6% lower than that under basic DLOR on
average. The object recognition of traffic signal in scene 1 by the method proposed
herein shows the most significant performance improvement, as suggested by the
miss rate reduced by 13.2%. Regardless of whether the confidence threshold is
0.05 or 0.3, the two performance evaluation indicators in relation with the method
proposed herein are not lower than those in relation with basic DLOR in all the
scenes. The method proposed is a great improvement on the object recognition
performance of the basic DLOR.

Figure 7(a) shows the object recognition result obtained by basic DLOR under
the condition of threshold 0.05 in the seventh frame image in scene 2, and Figure
7(b), the recognition result obtained by the method proposed herein under the
same condition. It can be seen from the figures that due to the poor light condi-
tions of the images, the Basic DLOR mistakenly recognizes a one-person object
on the top of the car in the right of center of the image, which false positive recog-
nition can be avoided by the method proposed herein.

Figure 8(a) shows the object recognition result obtained by Basic DLOR under
the condition of threshold 0.3 in the fourth frame image in scene 4, and Figure
8(b), the recognition result obtained by the method proposed herein under the
same condition. It can be seen from the figures that due to the far distance, the
Basic DLOR fails to recognize the car and the traffic signal in the middle of the

image, which miss can be avoided by the method proposed herein.
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Figure 7. Recognition results obtained by Basic DLOR and the method proposed herein in
the seventh frame of scene 2. (a) Basic DLOR; (b) The method proposed herein.

Figure 8. Recognition results obtained by Basic DLOR and the method proposed herein in
the fourth frame of scene 4. (a) Basic DLOR; (b) The method proposed herein.

4.3. Experiments Using Self-Built Dataset

Intelligent robot environment perception is one of the important applications of
object recognition. In order to further verify the practicability of the method pro-
posed, 1961 images from two production workshops were collected for this paper
by reference to the working environment of industrial robots to build an industrial
scene dataset for experiments. The dataset includes such two types of objects as
machine tool and person. During the experiment, 90% of the samples were taken
from the self-built industrial dataset for the training of the DLOR model and val-
idation (the samples are split into the training set, the validation set and the test
set in the proportion of 8:1:1), and two consecutive scenes with a large number of
images were selected from the remaining images for the purpose of algorithm per-
formance evaluation. The two scenes are shown in Figure 9, among which, the
first one includes 45 images and a total of 202 objects, and the second one, 45
images and a total of 189 objects.

Considering that in the images, some of the objects in this dataset were larger
than those in the public dataset used in Section 4.2, the parameters W and R of
the information fusion process in this experiment were increased to 540 and 155
respectively, while other parameters were the same as those in Section 4.2. After
many attempts, it was found that both algorithms performed well when the con-
fidence threshold was set to 0.3 on the dataset, hence this confidence threshold.
The performance of Basic DLOR and our method is shown in Table 5.

It can be seen from the table that there was no false positive in the two methods.
This is because, limited by the research conditions, the appearance of the objects

from the self-built dataset is less diversified than that from public dataset, and the
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difference between the objects in the training samples and the objects in the per-
formance evaluation images is relatively small. The miss rate of our method is
7.1% lower on average than that of Basic DLOR. Figure 10(a) and Figure 10(b)
show an example of reduced object miss rate obtained by our method in scene
one, and Figure 10(c) and Figure 10(d), scene two. Based on the experimental
results in Section 4.2 and this Section, it is concluded that it is because of the ex-
pansion of information sources that the method proposed herein greatly improves
the performance of object recognition algorithm, and that the quality of a single

frame image becomes less influential on the recognition result.

(a) (b)

Figure 9. Self-built dataset scenes used for algorithm performance evaluation. (a) Scene 1;
(b) Scene 2.

Table 5. False positive rate and miss rate under the two methods.

YOLOv3 Method herein
Scene  Object Type - - -
False positive rate ~ Miss rate  False positive rate Miss rate
Scene 1 machine tool 0 18.2% 0 11.2%
Scene 2 person 0 21.7% 0 14.5%

() (d)

Figure 10. Recognition results obtained by Basic DLOR and the method proposed herein
in industrial scenes. (a) The recognition results of 23rd frame in scene 1 under Basic DLOR;
(b) The recognition results of 23rd frame in scene 1 under the method proposed herein; (c)
The recognition results of 17th frame in scene 2 under Basic DLOR; (d) The recognition
results of 17th frame in scene 2 under the method proposed herein.
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5. Conclusions

As an important branch of computer vision and artificial intelligence, object
recognition is widely applied in engineering practice. In recent years, DLOR al-
gorithms have achieved great success. However, recognition results obtained in
reliance on single information source and recognition model only are yet unsat-
isfactory when some traditional difficulties come up in object recognition, such
as poor light conditions, misshapen objects, and large-scale changes in object
scale. Although information fusion technology has been widely used to further
improve the performance of object recognition algorithms, most of the infor-
mation used in information fusion research on object recognition comes from
one or more sensors at the same moment, and most of the methods used belong
to information fusion on such data level and information fusion on such feature
level that useful information are not fully utilized, therefore, the research on in-
formation fusion technology in the field of object recognition needs to be further
expanded.

For some important object recognition applications such as intelligent robots
and unmanned driving, images are collected on a consecutive basis and associated
among themselves, besides, the scenes have steady prior features. Existing tech-
nologies does not take full advantage of this information. In order to take object
recognition further than existing algorithms in the above application, an object
recognition method that fuses temporal sequence with scene priori information is
proposed herein. This method first employs YOLOV3 as the basic algorithm to
recognize objects in single-frame images, then the DeepSort algorithm to establish
association among potential objects recognized in images of different moments,
and finally the confidence fusion method and temporal boundary processing
method designed herein to fuse, at the decision level, temporal sequence infor-
mation with scene priori information. Experiments using public datasets and self-
built industrial scene datasets show that due to the expansion of information
sources, the quality of single-frame image has a less impact on the recognition
results, whereby the object recognition is greatly improved.

It should be noted that it is a widely applicable framework that is put forward
herein for multi-class information fusion. In addition to YOLOvV3 used herein, the
algorithms that output object class, location information and recognition confi-
dence at the same time can all be integrated into this information fusion frame-

work to improve performance.
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