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1 Introduction
Computer vision technology is the use of computer technology, artificial intelligence and pattern recognition technology using computational simulation of human vision process. In recent years, with the development of computer vision and deep learning technology, a large number of products based on computer vision technology are also changing daily life step by step, from face unlocking to intelligent security, to assisted driving, etc., computer vision technology can be seen everywhere to bring changes to life. Pedestrian detection task is a classic problem in the field of computer vision. With the improvement of computer computing power, various pedestrian detection algorithms constantly refresh the list of public data sets.
Travel safety is the basic guarantee of human life and an important part of the construction of smart city. According to a statistical report by the China Road Safety Association, China had 322 million motor vehicles before September 2018, an increase of 22.58 million over the previous year, with the ownership rate increasing by 10.51 percent. As the number of motor vehicles continues to increase, the incidence of traffic accidents and death rates are also increasing. And most accidents happen at night or in bad weather when there is not enough light. Therefore, the problem of improving traffic safety is particularly important. There are two main solutions to this problem. One is to install all kinds of radar-like sensors to scan and reconstruct the current environment of the vehicle and cooperate with the positioning and navigation system, so that the driver of the vehicle has a full understanding of the surrounding environment, in order to avoid some dangers. This kind mainly solves the roadblock, the building static target detection problem. The other is to carry out image algorithm detection on the video information collected by the camera, which can expand the visual range of drivers to a greater extent, and understand the specific situation of pedestrians and vehicles in a more timely and accurate manner. So as to avoid traffic accidents. And now the second method is the mainstream method, according to statistics when the accident occurs the most serious casualties tend to be pedestrians. This paper mainly studies how to detect pedestrian targets more accurately and quickly at night.
Pedestrian detection[1] is a technology that accurately locates pedestrian targets in video sequences or images. Rectangular boxes are usually used to determine pedestrian positions for pedestrian detection tasks. It is widely used in intelligent security, vehicle assisted driving and intelligent transportation and has great social and economic value. Especially, the application of deep learning in the field of computer vision has greatly promoted the development of pedestrian detection technology and accelerated its commercial application process. However, the current mainstream pedestrian detection algorithms are mainly aimed at visible images, which have excellent imaging effect under sufficient illumination, but have the problem of imaging failure under low illumination or dark environment. Therefore, infrared image[2] pedestrian detection will enter people's field of vision. Compared with visible image pedestrian detection, infrared image pedestrian detection has the following advantages :(1) under the condition of weak ambient light or even complete darkness, the imaging effect is still excellent, and a relatively clear image can be obtained without relying on ambient light. (2) Infrared imaging has nothing to do with the color of pedestrians' clothing, which can avoid the interference of color space caused by the similarity of background color. Relying on these advantages, infrared pedestrian detection has made great achievements in intelligent video surveillance, vehicle-assisted driving and military early warning in recent years. However, compared with visible light imaging, infrared imaging has the disadvantages of single feature and low resolution, which increases the difficulty of pedestrian detection. Aiming at the main problems existing at present, it is of great significance to design efficient and robust infrared pedestrian detection algorithm.
Infrared imaging can be divided into active infrared imaging and passive infrared imaging according to different imaging methods. Active infrared imaging relies on infrared light-emitting diodes to actively emit infrared light and capture reflected infrared light through the image sensor of the camera, so as to achieve gray image acquisition. Since nIR imaging is to obtain images by actively emitting infrared light and cooperating with the camera, it can obtain clearer images and better present the detailed features of the target. At present, most surveillance cameras in the market mainly adopt active infrared imaging scheme. Passive infrared imaging mainly relies on the principle of black-body radiation, that is, any object above absolute zero can radiate electromagnetic waves outwards, and the detector can capture electromagnetic wave signals of different intensity, and finally convert them into gray infrared images that can be observed by human eyes. Passive infrared imaging can obtain thermal radiation information of each part of the background and target, so it is also widely used in the field of medical image processing, used to judge the location and degree of human lesions, etc. Passive infrared imaging is also widely used in industrial flaw detection, vehicle-mounted night vision and military fields. From the perspective of imaging effects, the two infrared imaging methods have their own advantages and disadvantages, but the imaging effects of both are far inferior to visible light imaging under sufficient light. Therefore, how to effectively improve pedestrian detection performance in infrared images is still very challenging.
Infrared image pedestrian detection plays an important role in intelligent security, automatic driving and robotics. For example in the field of intelligent security, intelligent monitoring was carried out on the nighttime pedestrian populated areas, to prevent incidents, compared with the traditional video monitoring method, the intelligent video monitoring method greatly save human resources, through the methods of automatic pedestrian detection and gesture recognition, can effectively prevent the crime, to ensure the safety of the people's life and property. In the field of autonomous driving, at night or in the case of weak ambient light, the vehicle infrared camera can be used to judge whether there are pedestrians in the front area and remind the driver to avoid in time or to avoid independently, which can effectively reduce the occurrence of accidents.
2 Literature Review
2.1 Infrared image pedestrian detection method
Algorithms commonly used in pedestrian detection tasks can be divided into two categories. One is the traditional thermal infrared image pedestrian detection algorithm, which usually needs to use manually designed features and machine learning algorithm for pedestrian detection. The other is the thermal infrared image pedestrian detection based on deep learning technology. This kind of algorithm utilizes the strong learning ability of convolutional neural network to carry out efficient pedestrian detection through end-to-end training.

2.1.1 Traditional infrared image pedestrian detection method
Before convolutional neural network technology was mature, the main method of target detection was manual feature extraction and classifier. At this stage, scholars in various fields mainly innovate and improve the target detection accuracy by searching and extracting valuable features and classifiers. In 2002, Papageorgiou et al.[3] invented a feature that can express image information -- Haar feature. Haar feature reflects the change of image gray level by using the difference between black and white matrix. Later, Paul Viola et al.[4] used integral image method to improve the calculation speed of Haar feature, which has been widely used. However, the matrix feature can only describe the structure of a specific direction, which can not meet the feature extraction of irregular shape image. In 2005, Dalal et al. invented the Histogram of Oriented Gridients(HOG)[5], which can express local image gradient direction information, and combined it with Support Vector Machine(SVM) to apply it to pedestrian detection. Good results have been achieved. HOG feature is a kind of edge feature in essence. Its core idea is to characterize pedestrian appearance and local features by dividing the image into basic units with uniform size and counting the density distribution of pixel gradient direction in each unit. Compared with other manual features, HOG can better represent pedestrians and has strong robustness to light changes and scale changes. However, HOG features require a large amount of calculation. RoIs extraction method based on dense sliding Windows requires HOG feature calculation after RoI extraction each time. In order to detect multi-scale pedestrians, it is also necessary to scale the image and slide the window again. In addition, the computation cost of Dalal's SVM is proportional to the number of support vectors, so linear SVM is usually chosen as the classifier.
As HOG feature extraction takes a long time, its further application is limited. Zhu Qiang et al.[6] proposed a model combining integration graph with Adaboost classifier. This model can not only reduce the time of extracting local HOG features, but also eliminate some irrelevant features.
With the further study of features, Lowe et al.[7] proposed Scale Invariant Feature Transform(SIFT), which has strong robustness to the changes of image Scale, illumination and Angle. Later, Ke et al.[8] reduced the feature dimension and improved its processing speed through Principal Component Analysis(PCA), namely, PCA-SIFT. In 2013, Felzenszwalb et al.[9][10] proposed Deformable Part Models(DPM). The biggest advantage of DPM is to divide the whole into parts and use different detectors to detect different positions. Finally, the location information is used to integrate all parts into a whole, thus greatly improving the pedestrian detection effect.
Figure 1 shows the flow chart of traditional target detection. Firstly, an image is selected as the input, then the feature is extracted and made into vector form, and finally the feature vector is mapped to the classifier to output the result. In the extraction process, the method of sliding window is generally adopted for extraction. In this case, it will take a long time to extract features, which is limited in some real-time application scenarios. In addition, manual extraction can only extract part of the features, and more effective features may be omitted. Therefore, with the development of the industry, the traditional detection methods can not fully meet the needs of the industry. Meanwhile, with the help of GPU computing power and big data resources, deep learning has made new achievements in the field of target detection.

Figure 1 Flow chart of traditional target detection model

2.1.2 Infrared image pedestrian detection method based on deep learning
Because the pedestrian target has obvious deformation characteristics, it is difficult to perfectly express the target through the traditional method of extracting some features by hand. In recent years, target detection algorithms based on convolutional network feature extraction have sprung up one after another. At the same time, there are a lot of excellent algorithms shine brilliantly in the relevant contests and achieve amazing results.
Deep learning originates from the multi-layer perceptron(MLP) model. LeCun et al.[11] propose Convolutional Neural Networks(CNN), which greatly reduces the number of parameters required for Neural network image processing. It is possible to apply deep neural network to image processing. CNN network in convolution operation way, in the each extract image convolution layer space characteristics of different locations, along with the deepening of network layer network will be shallow to extract the characteristics of integration, the obtained images in different scales of abstract integration, a process similar to animal visual perception system, thus shows superior performance in the field of computer vision.
AlexNet[12] classification network based on deep learning method won the champion in ImageNet image classification Challenge in 2012, which triggered the application trend of deep neural network, and then the application of deep learning method in object detection attracted wide attention of researchers. 
The GoogleNet[13] model developed by Google in 2014 proposes a Inception structure that can continuously optimize the local sparse structure[14] of the network. Significantly improved the accuracy of deep learning, and significantly refreshed the best results in the ImageNet competition. In 2015, He Keming et al. proposed the residual network ResNet[15], which solved the problem of poor detection effect of deep neural network caused by the rapid disappearance of gradient by adding the input and output of the upper layer to obtain and as the input of this layer. To increase the depth of the trainable neural network to more than 100 layers. In 2016, Huang et al.[16] proposed a densely connected DenseNet network structure by referring to residual network structure. The dense connection structure makes full use of the feature information of the image by splicing operation.
R-CNN[17] algorithm is a milestone in the application of deep learning in the field of target detection. The algorithm firstly uses Selective Search algorithm[18] to extract about 2000 ROI candidate boxes, then uses CNN network to extract fixed length features, and uses SVM classifier to classify extracted features. The coordinate information of corresponding candidate box was calculated by regression of fully connected network. The problem of R-CNN framework is that different ROI needs to be judged separately, so the speed is slow. Moreover, due to certain overlap of the extracted ROI candidate boxes, part of the calculation is actually repeated calculation, resulting in low efficiency. SPPNet proposed by He et al.[19] improved r-CNN network, which scaled all ROI regions to the same scale, causing distortion to some objects and interfering with recognition. Meanwhile, SPPNet introduces Spatial Pyramid pooling(SPP) layer, conducts Spatial Pyramid sampling of image features processed by the convolution layer, and pools them after grid partitioning. Regions of different sizes are unified into feature vectors of the same length, and multiple convolution operations are simplified into one convolution operation. Greatly improve the algorithm speed and accuracy. Girshick et al.[20] further improved on the basis of SPPNet and proposed the Fast R-CNN algorithm. The Fast R-CNN algorithm proposes the ROI Pooling layer, which only conducts grid division and Pooling at one scale, and directly uses a network to conduct classification and regression operation instead of using additional classifiers during classification, which not only improves detection speed but also greatly reduces training difficulty. The above three algorithms need to extract ROI region independently, and then extract feature classification. The two steps are separated, which increases the calculation time. The algorithm proposed Region Proposal Network(RPN)[21], extracted candidate regions from the convolution feature layer through the Anchor mechanism, and then carried out classification and regression through the Network. The whole process of ROI region generation, region feature extraction, target classification and candidate box regression is completed by neural network. In the training, each part of the network can not only complete its own task but also learn how to cooperate independently. The above method is a two-stage method, that is, the whole system is divided into two steps: ROI region generation and region classification. The YOLO algorithm[22] proposed by Redmon is a One-stage algorithm, which saves the process of ROI region extraction and greatly improves the speed of detection algorithm to meet the requirements of real-time detection task. As of today, YOLO series has been released in the fifth generation, after improvement has been greatly improved.
The current mainstream target detection algorithms based on CNN can be divided into Two categories, namely two-stage method represented by Faster R-CNN algorithm and One-stage method represented by YOLO algorithm. R-CNN series algorithms design a special candidate region extraction method. Compared with the previous sliding window traversal search method, the number of candidate regions is reduced, which greatly reduces the amount of calculation and makes a qualitative leap in the accuracy and speed of detection. However, the method of target detection based on candidate area extraction also has some limitations. If the detection scene is complex and the visual effect of the target in the picture is not obvious, the candidate area extraction method is difficult to capture the area near the target, resulting in missed detection. On the other hand, the algorithm based on candidate regions has obvious advantages to improve the detection accuracy because it needs to generate a large number of candidate regions before detection, but it is time-consuming and slow. However, algorithms similar to SSD and YOLO [23] directly skip the region generation step and obtain the location and category information of the target at one time, which has the advantage of fast speed but relatively poor accuracy performance. For the target detection of deep convolutional neural network, the deeper the network is, the larger the receptive field is. For small-scale targets, with the increase of network depth, the target pixels contained in the feature graph will be less and less, and the detection performance will also decrease. In addition, this kind of algorithm generates a large number of prediction boxes during training, but only a small part of the image is the target object, and the rest is the background information, so it will cause the imbalance of positive and negative sample categories, which is also one of the reasons for the decrease of accuracy.
Most of the researches on applying deep learning methods to infrared image pedestrian detection are based on the model proposed above. Liu et al.[24] constructed an infrared pedestrian detection system based on the improved Faster-RCNN framework. Zhang et al.[25] proposed an algorithm combining VGG-16 network with the features of Squares ChnFtrs. Zhang et al.[26] proposed that the image feature vector extracted by Faster-RCNN algorithm was input into the Boosted Forest classifier algorithm to improve the detection rate of pedestrian targets. According to the network structure of YOLO-v3 model used by Li et al.[27], and the loss function was optimized according to the imbalance of infrared image data, pedestrians could be located accurately even in the case of pedestrian overlap.
Convolutional Neural Network based method has the advantages of high precision, strong generalization ability and strong portability, and is the development direction of target detection in the future. It still has great space and application potential in infrared image pedestrian detection.

2.2 Infrared image pedestrian detection data set
Related data sets have also been proposed for nighttime pedestrian detection, but the early far-infrared pedestrian detection research mainly adopts traditional methods, so the data amount is far less than the visible light data set. Due to the lack of large-scale training data, the research on far infrared pedestrian detection based on deep neural network is far behind that of visible pedestrian detection. As intelligent driving the growth of the need, in recent years for all-weather pedestrian detection needs more and more high, detection of infrared image for pedestrians at night than visible light has significant advantages, so in recent years, there is also a research institutions put forward multi-mode (visible light and infrared) pedestrian detection data sets, it is designed to combine the visible light and infrared data to achieve all-weather pedestrian detection.
OSUT[28] is an earlier public far-infrared pedestrian benchmark dataset established by Ohio State University. However, the image sequences in this dataset were all obtained under the condition of fixed imaging equipment, the perspective and pedestrian scale were single, and there was almost no interference heat source other than pedestrians in the scene, resulting in a high contrast between the target and the background. However, in the actual pedestrian detection system, Test scenarios may vary greatly and tend to be complicated due to factors such as climate and irregular scene participants. Many methods (such as [29], etc.) have achieved near-perfect detection results on OSU-T data sets.
LSIFR infrared pedestrian dataset[30] is obtained on stationary and moving vehicle-mounted imaging platforms. The data collection scenes cover a variety of natural scenes with large changes in illumination and temperature difference. The image sequences in this data set are all 14 bitmaps. LSIFR is one of the important data sets used in the research of vehicle-mounted infrared pedestrian detection. The collection, annotation and evaluation of data sets are oriented to vehicle-mounted scenes. However, although neural network related methods have been proposed in recent years, the data volume and diversity of LSIFR cannot satisfy the training of deep neural network. Especially when many of the current data sets are based on ImageNet training of visible light, there are not enough training data to migrate the model to the thermal imaging pedestrian detection task. Therefore, LSIFR, as an important data set for infrared pedestrian detection, cannot meet the demand today.
TIV datasets[31] provide multi-perspective, multi-resolution infrared image sequences, with multiple types of target annotation results, such as walkers, runners, bicycles, motorcycles and cars, rich detailed annotation information; However, the high-resolution (1024 pixels ×1024 pixels) infrared images provided by TIV data sets are not yet a good benchmark platform for performance evaluation of vehicle-mounted infrared pedestrian detection methods due to the potentially huge computational overhead of processing high-resolution images. And its shooting Angle is not consistent with vehicle-mounted pedestrian detection scenes and perspectives, so in essence, TIV data sets are more suitable for performance evaluation of multi-target recognition and tracking methods.
In 2015, Hwang et al.[32] from Korea Advanced Institute of Science and Tech-Nology (KAIST) proposed a multi-spectrum pedestrian detection data set, Then, optical-infrared image sequence pairs were established by collecting Aggregated infrared images from visible light Channel images based on information about information Channel Features (ACF). KAIST data sets are more suitable for dual and multi-eye vehicle-mounted pedestrian detection systems using optical cameras and infrared detectors. Such data platforms have high requirements for registration methods between image pairs, and too many sensors will lead to cost increases. The advantage of KAIST's dataset is that it captures both visible and infrared data sets and aligns the optical axis of the visible and infrared images with a special spectroscopic acquisition device. However, the nighttime data in this dataset is far less than the daytime data, and the main application scenario of infrared pedestrian detection is night. Therefore, although KAIST is of great significance to the research on multi-mode pedestrian detection, it also relatively drives some researches on infrared pedestrian detection. Liu et al.[24] applied Faster R-CNN to multispectral pedestrian detection, that is, to extract features from visible and infrared images at the same time, and then fuse the features of the two branches in the middle layer of the network for region recommendation and Rol classification. The model was trained and tested on KAIST datasets, and the Faster R-CNN using the fusion architecture performed better than the visible or infrared only models in all-weather conditions. Although the feasibility of The Faster R-CNN in infrared pedestrian detection was not separately analyzed by the author, it can be seen from the final effect that the ImageNet pre-trained Faster R-CNN can also be applied to infrared pedestrian detection through certain infrared data retraining. Later, König et al.[33] used the RPN+BF method to solve the problem of a large number of false alarms and difficult samples based on the above fusion architecture. Li et al.[34] proposed a multispectral pedestrian detection algorithm based on far-infrared image perception to extract candidate detection frames by taking advantage of the higher pedestrian brightness value in far-infrared images.

3 Methods
Target detection has two main functions: one is to identify the type of target, the other is to locate the position of the target in the image. Therefore, the target detection algorithm has always divided the detection process into Two parts, namely two-stage method. Both the traditional algorithm combining sliding window and manual feature and the R-CNN series algorithm combining RPN algorithm and convolution feature are of this idea. However, with the emergence and development of YOLO algorithm, people gradually began to recognize the one-stage method. In short, YOLO turns the classification problem into a regression problem. It only takes one step to identify the type and location of the target. The detection speed is greatly accelerated. At first, though, YOLO's low accuracy was a disadvantage. But as the YOLO series continues to evolve, so does its accuracy. YOLOv3 algorithm is a first-class algorithm for target detection. It can not only achieve the same accuracy as Faster R-CNN, but also has a very fast speed, which can adapt to some scenes with high real-time performance. This is the reason why this paper chooses it as the basic algorithm.
In this study, the nighttime pedestrian detection task based on infrared image was improved. By learning relevant basic theoretical knowledge and previous papers, I have a certain understanding of the international research and development status of pedestrian detection technology in infrared images and the advantages of deep learning. On this basis, this study focuses on the shortcomings of the current night pedestrian detection algorithm, such as unsatisfactory performance and inadequate real-time performance. This paper intends to improve the pedestrian detection algorithm based on YOLOv3 infrared thermal image. The algorithm is improved to improve the accuracy and recall rate of infrared pedestrian target detection, and the detection speed can be accelerated to meet the real-time requirements.
The main work plan is as follows:
· The infrared image is analyzed from the principle of infrared thermal image formation, gray distribution histogram, image noise and resolution, and then the more appropriate infrared image pedestrian data set is selected, and the supplementary annotation, transformation label and sample equalization are carried out, So as to improve the sample quality of data set.
· DenseNet121 network with dense connection structure is used as the feature extraction network of the improved algorithm. On this basis, three 3 × 3 convolution kernels are used to replace the 7 × 7 convolution kernels at the input layer to enhance the learning ability of the network for small targets and the nonlinearity of the network. In order to reduce the feature loss of the transition layer, the convolution layer with step size of 2 and the average pooling layer are used in parallel to replace the transition layer of the original single pooling layer of the network.
· By learning the classic network in the development history of convolutional neural network, the original characteristic network of YOLOv 3 is improved with the innovation points of each excellent model. Such as small size convolution kernels, dense connections and full convolutional networks.
· The subconvolution sampling layer is used to replace the upper sampling layer of the original network, and then the multi-scale fusion layer is optimized, and the selection method of candidate boxes and the screening of prediction boxes are improved.
· Visible and infrared images as well as infrared images of various sizes are used to pre-train the pedestrian detection network. Then, the network is quantitatively analyzed and evaluated by accuracy, recall rate, average accuracy and real-time performance, and then qualitatively evaluated by comparison of various effects.

4 Results
4.1 IOU
At present, the mainstream target detection algorithm is still based on the candidate box. Although in recent years, some people have proposed the method of regression hotspot map to achieve target positioning, but it still has certain limitations in application. Based on the candidate box, the algorithm is constantly fine-tuned to accurately mark the target to be detected. Therefore, it is necessary to set a standard to measure the accuracy of the prediction box. The most accepted algorithm is to evaluate the accuracy of network prediction box by the ratio of the intersection area of prediction box and real box to their total area.
4.2 Precision and Recall
In order to accurately evaluate the prediction of positive samples by detection algorithms, relevant scholars proposed two concepts, Precision and Recall, to evaluate and compare the performance of algorithms. Precision represents the ratio of the number of correct samples detected to the predicted positive samples. It measures the detector's false alarm rate, which is the proportion of recalled targets that are correctly classified. Recall is the ratio of positive examples in a sample that are predicted to be correct. Its function is to measure the rate of missed detection of the detector. Both measure the merits of a detector from different angles.

5 Evaluation
In this study, an infrared image pedestrian data set with relatively balanced samples and fitting deep learning network training can be established, so as to improve the sample quality of the data set to improve the identification accuracy. Using sub-pixel convolution layer as the scaling operation of multi-scale fusion can improve feature utilization and reduce network parameters and feature loss. The IOU value of network output box is improved by selecting candidate box by clustering and eliminating extreme scale prediction box. The improved algorithm is pre-trained by mixing visible and infrared images, which makes up for some pedestrian characteristics to a certain extent. Through the previous improvement, the final pedestrian detection algorithm can improve the average accuracy of the original YOLOv3 network, and the detection speed can be accelerated. Compared with the HOG+SVM algorithm based on artificial features, it has a great improvement.
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