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Abstract. With the increase of data scale and computing power, deep
learning algorithm has made a prominent breakthrough in computer
vision and other complex problems. However, its high complexity and
large memory requirements make it very difficult to run in real time on
the Internet of things terminal mobile devices. There is still delay the
employing of cloud services cannot meet the real-time requirement. With
the popularity of mobile terminal devices and the development of Inter-
net of things, it is of great significance to design a real-time deep learning
algorithm on IOT edge mobile devices with limited computing and mem-
ory resources. This paper proposes a new object detection method based
on the current state-of-the-art object detection deep network model Reti-
naNet and traditional feature extraction method SIFT. RetinaNet is a
one-stage detector with excellent detection speed and accuracy. We use
RetinaNet as the object location method, then extract the CNN features
and SIFT features of the fixed position image and combine them to train
a new classifier. The object classification result will be based on the final
classifier.
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1 Introduction

It is a great challenge to deploy applications based on deep learning technology on
mobile devices. How to reduce the time complexity and memory requirements
on the premise of ensuring the accuracy of the algorithm, so that it can run
efficiently on mobile devices is an urgent problem to be solved.

Object detection aims at locating and classifying objects accurately from an
image, which has practical application value, such as intelligent video surveil-
lance [1], robot perception [2] and so on. Traditional object detection is roughly
divided into three steps: (1) region selection, (2) feature extraction, and (3)
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object classification. Feature extraction can be performed by Haar, HOG, LBP
and SIFT methods. Compared with traditional methods, object detection based
on deep learning has greatly improved the accuracy. At present, there are R-CNN
[3], SSD [4], YOLOV1-YOLOV4 [5–8], and others.

The development of artificial intelligence has set off a wave of unmanned
retail. The unrestricted placement of unmanned retail scenes poses challenges
for object detection: (1) The same model shows different accuracy in different
scenarios. (2) In this scenario, mobile devices need to be able to process images
in real time. In order to solve this problem, this paper proposes an embedded
object detection system for internet of things and mobile edge computing.

The structure of this paper is as follows, the next section introduces some
work related to object detection. The Sect. 3 systematic elaborates the method
proposed in this paper, and then shows the experimental results. Finally, we
summarize the work done in this paper.

2 Related Work

At present, industry and academia have been committed to running deep learn-
ing applications on mobile devices. Srinivasan et al. [9] had trained lightweight
object detection networks to help visually impaired users identify and locate
household items through wearable devices. Blanco-Filgueira et al. [10] proposed
an end-to-end solution for multi-object tracking based on deep learning for
embedded and low-power IoT platforms.

Prior to 2012, object detection mainly uses SIFT, HOG, DPMs and other
traditional features. In 2012, Krizhevsky et al. used 1.2 million data containing
1,000 different categories to train a deep CNN, which became the most advanced
technology at the time. The methods based on CNN breaks through the bottle-
neck of traditional methods.

R-CNN [3] is an object detection method based on the candidate region
method. Later, improved versions Fast R-CNN [11] and Faster R-CNN [12]
appeared. OverFeat [13] is the first one-stage detectors based on deep learning and
won the ILSVRC2013. After that, YOLO and SSD appeared one after another. At
present, YOLO has four versions. Lin et al. [14] pointed out that one-stage detec-
tor detection accuracy is limited by class imbalance, thereby focal loss is proposed
to solve this problem, and the network structure is named RetinaNet.

Therefore, this paper uses RetinaNet for object location, integrates CNN
and SIFT features to classify, so that the final model has strong robustness to
changes in the external environment.

3 Approach

The location of the object is obtained by using RetinaNet, and then the CNN
features and SIFT features of the object image are fused, finally the category of
object is obtained. The overall process of the framework is as follows (Fig. 1):
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Fig. 1. The overall process of the object detection framework.

3.1 RetinaNet for Object Location

The main network of RetinaNet uses ResNet and FPN to generate feature pyra-
mid model. After that, two sub-networks are connected: Classification Subnet
and Box Regression Subnet, which are used for classifying and location respec-
tively. The last layer of two sub-networks has the same outer structure but does
not share parameters. The RetinaNet network structure is shown in Fig. 2.

Fig. 2. Structure of RetinaNet.

Focal loss as a loss function to solve the problem that is class imbalance and
distinguishing difficult instances:

FL(Pt) = −αt(1 − pt)γ log (pt) (1)

Where α is used to adjust the class imbalance, the range of value is [0, 1],
(1 − pt)γ is the modulation factor, which can differentiate the easy example and
hard example, γ is tunable focusing parameter and γ ∈ [0, 5].

3.2 Fusion of SIFT Features and CNN Features to Classification

SIFT features have scale and illumination invariance. The extraction process
takes grayscale images as input and scale space is used to detect image features
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of different scales. According to the scale space theory, the scale space L of an
image can be defined as:

L(x, y, σ) = G(x, y, σ) × I(x, y) (2)

G(x, y, σ) =
1

2πσ2
exp (− (x − xi)2 + (y − yi)2

2σ2
) (3)

(x, y) is the spatial coordinate, σ is scale coordinate, and G(x, y, σ) is a scale
variable Gauss function. SIFT algorithm suggests that the feature detection
on a certain scale can be obtained by subtracting the images in two adjacent
Gaussian scale spaces to obtain the responsive image D(x, y, σ). The local feature
points are located in the spatial position and scale space by searching the local
maximum value of the D(x, y, σ). The mathematical description is:

G(x, y, σ) = (G(x, y, kσ) − G(x, y, σ)) × I(x, y) = L(x, y, kσ) − L(x, y, σ) (4)

SIFT uses local extremum points in Gauss difference scale space as candidate
feature points, determines the main direction of feature points to generate feature
descriptors, and normalizes them to form SIFT feature vectors. Because the
number of SIFT feature points extracted from each image is different, BOW
algorithm is used to construct a uniform dimension feature vector for each image.

CNN neural network is usually used in image processing. It is composed of
multiple convolution layers. Each convolution layer contains multiple convolution
kernels. These convolution kernels are used to scan the entire image from left to
right and from top to bottom to obtain output data called a feature map. This
paper uses VGG19 to extract CNN features of the image. The subregion where
the object is located is the input image. We use the output of the second complete
acquisition layer as the CNN feature of the image, and input it with the SIFT
feature into the classifier for training to build the classifier. The classification
result is used as the target classification result of target detection.

4 Experimental Results and Analysis

The training set and test set used in this paper are the real-life pictures of
Intelligent vending cabinet. We use RetinaNet’s ResNet-101 model for training,
and crop all object sub-images labeled in the training data set. Extract VGG19
features and SIFT features for fusion, and train the classifier.

The accuracy rate of RetinaNet is 97.93% where test set in the same environ-
ment as training set. This is an exciting result. The loss results in the training
process of RetinaNet are shown in Fig. 3.

However, when we tested in different environments, we found that the perfor-
mance of the model was not ideal. The following repeatability issues will occur:

1. Location failure. Sometimes has an object location failure that other items
that have not appeared in the training set are displayed.

2. Misclassification. The object item is positioned accurately but the category
is wrong.
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Fig. 3. Curve of loss.

It can be seen that changes in the external environment affect the accu-
racy of object detection. We also tried to expand the image with bright-
ness, light, etc., and then trained with RetinaNet, but it did not achieve the
desired results. Therefore, we try to train new classifiers by means of hybrid
SIFT-CNN feature to improve detection accuracy. The output of RetinaNet is
[xmin, ymin, xmax, ymax, classes], xmin, ymin are the coordinates of the upper left
corner of the object position, and xmax, ymax are the lower right corner, classes
is the confidence matrix, and the maximum value is the predicted class.

We will get the location of the object. It is used to crop the object, and
extract the SIFT-CNN features of this area and input it into the classifier. For
images whose SIFT features cannot be extracted, the category of the RetinaNet
model will be the final category. Some areas with position errors input classifiers
can obtain lower confidence, which can be filtered out by threshold. The classifier
output can correct wrong label to a certain extent. The test results have been
improved in changing scenarios, but there are still misclassifications. However,
the speed has also declined. On TITAN XP, using RetinaNet alone, detecting
an image takes an average of 180 ms, and our method will add about 23 ms to
SIFT-CNN feature extraction and classification.

5 Conclusion and Future Work

In this study, we use RetinaNet to locate objects, then, the use CNN-SIFT
hybrid feature of the detection area to predict the category. Although this cor-
rects location errors and classification errors to a certain extent, improving the
overall accuracy of object detection. It has not completely solved the accuracy
degradation caused by external environmental change. In the future, we will
study how to improve the robustness and accuracy of the model.
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