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Abstract- Individuals detection is one of the most sizzling examination points in the domain of PC vision. Albeit deep learning 

methods, for example, Faster RCNN and SSD have achieved extraordinary accomplishment in individuals detection task utilizing 

RGB pictures in later a long time, they despise everything experiences the ill effects of the perplexing condition with low 

enlightenment, complicated background, impediment, and so on. With the development of compact and great depth sensors, for 

example, Kinect and Xtion, depth data which are invariant to enlightenment and influential to impediment can be acquired effectively 

now. In this paper, a deep learning method named Parallel RCNN is proposed for individuals detection task utilizing RGB-D data 

based on Faster RCNN structure. The principle idea of Parallel RCNN is that it takes crude shading picture and encoded depth 

picture as the contributions of an end-to-end deep neural network at the same time and then concentrates their deep highlights in 

equal. Through L2 standardization, the highlight maps extracted from every modal data are combined and employed in the following 

individual's detection task under the structure of Faster RCNN. To assess the execution of Parallel RCNN, a dataset thoroughly 

including 2647 RGB-D pictures and 5372 people with hand-labelled comments are created utilizing Kinect v2 sensors. Trial results 

based on this dataset show that the proposed method can accomplish mean average precision(mAP) of 91.5%, which is 1.5% higher 

than that of Faster RCNN utilizing RGB pictures.  
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INTRODUCTION 

 

Individuals detection, which is one of the most testing PC vision 

undertakings due to the different postures of the human body, 

the perplexing light changes in actuality and the complicated 

background, has as of late attracted a lot of consideration with 

the development of human-made brainpower innovation. It is 

critical in numerous applications in human carries on with, such 

as human-PC association, independent vehicles, canny 

reconnaissance and so on [1] [2]. Traditional methods for 

individuals detection mostly follow the great system with three 

stages: proposition bounding boxes age, include extraction and 

highlight grouping. In early works, multi-scale sliding window 

method is regularly used to produce proposition bounding 

boxes, in which a fixed-size window was sliding on the scaled 

picture with a specific advance size [3]. This kind of 

comprehensive pursuit methods examines the image once, 

leading to fewer misses while at the expense of tremendous 

calculation. To improve the hunt effectiveness, a particular 

search method is presented for proposition age based on the 

difference of surface and shading between the item and the 

background. Besides, an EdgeBoxes method is proposed to take 

care of the issue utilizing the edge data of the thing. After every 

proposition bounding box is generated, the subsequent stage is 

include extraction. The hand-crafted highlights are dominant 

before the design of deep learning methods, among which is the 

renowned histogram of oriented gradient(HOG) include. With 

the extracted highlights from the proposition bounding boxes, 

the last advance is to discriminate whether the highlights have 

a place to people or not. Numerous exemplary AI classifiers, 

for example, SVM, random timberlands, and so on are used for 

highlight arrangement. 

Traditional methods for individuals detection based on hand-

crafted highlights and AI classifiers may get good outcomes on 

the reason for cautious preprocessing of information pictures. 
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Notwithstanding, they at times do not function admirably when 

confronting the complicated background and the different 

people with different postures. Since deep convolutional neural 

networks(CNNs) have been tentatively verified to have 

extraordinary advantages in most PC vision issues, they 

immediately become the prime approaches for individuals 

detection errands. Quicker RCNN undoubtedly is one of the 

delegate structures. Compared to the methods utilizing hand-

crafted highlights, methods like Quicker RCNN can naturally 

remove the deep highlights for detection undertakings, which 

adequately abuses the advantage of in-depth semantic data 

hidden in the RGB pictures. Hence, such deep learning methods 

have obtained extraordinary accomplishment in the fields of PC 

vision recently. As is notable, the impact of the RGB picture is 

genuinely influenced by brightening changes and impediments. 

So individuals detection results based on RGB data are not 

generally satisfied, particularly in some complicated 

conditions, even though the advanced deep learning methods 

have been used. 

Since depth data are invariant to light and robust to impediment, 

it is a natural idea that one can utilize RGB data along with 

depth data for superior detection results. The development of 

lowcost in any case, high-exactness depth sensors likewise 

makes it conceivable to procure a lot of RGB-D data without 

any problem. At present, it is as yet a novel work for CNNs to 

take care of the individual's detection issue utilizing RGB-D 

data, of which the critical point is the way to use depth data 

adequately. Some past works are focused on designing hand-

crafted descriptors. Inspired by HOG descriptor of RGB 

picture, the histogram of oriented depths(HOD) descriptor of 

depth picture is proposed in [9], and a pyramid depth self 

similarities( PDSS) descriptor is presented as an enhancement 

to HOD highlight in [10]. For deep learning methods, there are 

typically two habits to utilize depth data. One is to encode the 

crude one-channel depth pictures as the three-channel 2D 

pictures. These encoded pictures are like the ordinary RGB 

pictures and contain the data that CNNs can't gain from the 

crude depth data directly. The other one is to change the depth 

pictures to 3D point clouds and concentrate highlights utilizing 

3D convolutional neural networks. A sliding shapes method 

which contains a 3D RPN and takes the data based on truncated 

signed distance work (TSDF) as information sources is 

proposed in [13]. It creates the 3D bounding boxes to speak to 

the detection results. Notwithstanding, there is anything but a 

standard assessment basis for 3D bounding boxes at present, 

and this method is genuinely tedious due to colossal calculation.  

PARALLEL RCNN 

In this area, we first quickly introduce three encoding methods 

for depth picture. At that point, the structure of Parallel RCNN 

and the means to satisfy individuals detection task utilizing an 

RGB-D data are described detailedly.  

Depth image encoding 

The reason for depth picture encoding is to change a crude 

depth picture to a three-channel image with the goal that the 

depth data can be used uninhibitedly like RGB data by 

exemplary CNNs, for example, AlexNet and VGG. These 

models, trained on ImageNet with countless pictures to exploit 

massive data, are used as pre-trained models for our networks. 

Concerning the depth sensors like Kinect, they usually provide 

crude depth data as a single-channel picture, of which every 

pixel is an unsigned 16 piece data speaking to the distance 

between the sensor and the item in millimetre. There are 

principally three commonplace encoding techniques for depth 

picture, for example, grayscale, HHA and fly colourmap. The 

first is extremely straightforward since it standardizes the depth 

esteems to lie somewhere in the range of 0 and 255, and then 

repeat it to three channels. The depth picture is regarded as a 

dim picture in particular, so most mathematical data stored in it 

has been abandoned. HHA is a viable method which encodes 

crude depth picture to three directs as far as level disparity, 

stature over the ground and point between the surface type and 

the gravity direction. It can dig out the data hidden in crude 

depth data, while at the expense of gigantic calculation. Stream 

colourmap encoding method takes into account both viability 

and computational productivity. The natural depth picture is 

normalized to lie somewhere in the range of 0 and 255 initially, 

and then a stream colourmap is applied to the normalized 

image. In along these lines, a solitary channel dark depth picture 

can be colourized to a three-channel shading picture. Fig.1 

shows the outcomes obtained by utilizing three encoding 

methods about a similar crude depth picture. As can be seen 

from the figure, the grayscale approach treats the crude depth 
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picture as a dark picture. While, HHA and fly colourmap 

methods colourize the depth data, by which more mathematical 

highlights can be reserved in the shading pictures. The impact 

of different encoding methods on individuals detection results 

is discussed in Section III, and fly colourmap method is 

recommended according to the similar outcomes. 

 

a) RGB image                               b) Raw depth image 

 

 

c) Grayscale method                    d) HHA method 

 

e)Jet colourmap method 

 

Fig 1 Examples of encoded depth images 

 

The framework of Parallel RCNN 

The proposed method of Parallel RCNN is designed for 

individuals detection task utilizing multimodal data based on 

Quicker RCNN. The structure of Parallel RCNN is represented 

in Fig.2, from which we can see that the primary idea of Parallel 

RCNN includes three perspectives. Initially, crude RGB picture 

and encoded depth picture are all the while taken as the data 

sources of an end-to-end deep neural network. Secondly, the 

deep highlights from two kinds of pictures are extracted in 

equal by two CNNs. At last, through L2 standardization, two 

kinds of highlights are combined and used for individuals 

detection task according to the overall system of Faster RCNN. 

Encoded depth pictures can provide the mathematical data that 

RGB pictures can't flexibly, which adds to defeating the 

difficulties of low brightening and impediment in individuals 

detection undertakings. Along these lines, they, along with 

RGB pictures, are used as the contributions of Parallel RCNN. 

Two CNNs are employed to separate the deep highlights from 

RGB pictures and encoded pictures in equal. Much of the time, 

the scales and standards of these two kinds of highlights are 

different, so a direct blend of them generally leads to horrible 

showing. The highlights with bigger qualities will assume a 

dominant job in the following undertakings. In comparison, 

those with littler qualities may have a more negative effect on 

the presentation or even produce a bad impact.  

Let j= 1,2,3… be the index of the channel of a component map 

with r lines and c segments. 𝑓𝑗(𝑥, 𝑦) is the estimation of the pixel 

(𝑥, 𝑦) in the ith channel. At that point the normalized esteem is 

calculated as 

𝑓𝑗(𝑥, 𝑦) =
𝑓𝑗(𝑥,𝑦)

||𝑓𝑗||2
                                           (1) 

                        Where  

||𝑓𝑗||2 = (∑ ∑ |𝑓𝑗
𝑑
𝑦=1

𝑧
𝑥=1 (𝑥, 𝑦)|) 1 2⁄              (2) 

By and large, this standardization procedure will bring down 

the qualities of highlight maps, which may lead to little blunders 

used for preparing the networks and hinder the learning cycle 

subsequently. The scaling boundary can be learned utilizing BP 

calculation in the preparation stage. After standardization, the 

combined element maps contain both logical data of RGB data 

and mathematical data of depth data. They are used to get the 

individuals detection results under the overall structure of 

Quicker RCNN. Quicker RCNN is one of the most impressive 

and pervasive deep learning methods for object detection issue, 

which comprises of region proposal network(RPN) that is used 

to create proposal bounding boxes for the info picture, and Fast 

RCNN that is employed to group every proposal bounding box 

and refine its area. The preparation cycle of Parallel RCNN can 

be concluded as follows. Right off the bat, we train each stream 

networks utilizing Faster RCNN on RGB data and encoded 

depth data individually. At that point, we discard their 

completely connected parts and link the convolutional parts of 

each stream to extricate the highlights from every modal data. 
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EXPERIMENTS 

In this area, we will discuss the test assessment of our Parallel 

RCNN for individuals detection task utilizing RGB-D data. 

Introduction to our RGB-D dataset 

A couple of existing RGB-D individuals datasets, for example, 

NTU RGB-D dataset [7], CAD-120 dataset [3], and so on are 

worked for human action acknowledgement task, which still 

has a few weaknesses of little scope, uncomplicated 

background, or then again missing of human stances. As it is 

difficult to find an appropriate RGB-D dataset for individuals 

detection test, we have created one as a benchmark. This dataset 

has completely 2647 sets of aligned shading pictures and depth 

pictures collected by Microsoft Kinect v2 sensor, in which 5372 

people are annotated physically with a bounding box (x, y, w, 

h), where (x, y) is the coordinate of the upper left corner of the 

bounding box; w and h in the interest of the width and tallness 

of the bounding box. There are five scenes in this dataset, for 

example, research facility, meeting room, office room, corridor 

and anteroom (see Fig.3). The human body stances include yet 

not limited to standing, bending, sitting, crouching, and so 

forth. Concerning individuals detection task, the proportion of 

the pictures for preparing and testing is 9:1. 

Implementation details 

We initially train two Faster RCNN networks on RGB pictures 

and encoded depth pictures separately, to get the incredible 

CNNs that can disengage the deep highlights from each modal 

data effectively. In this paper, we use VGG-16 network trained 

on ImageNet as the base CNN to take advantage of huge data. 

Since great Faster RCNN is designed for general item detection, 

the viewpoint proportions of the grapples are set to 1:1, 2:1 and 

1:2 in RPN stage for covering however many item 

classifications with different shapes as could reasonably be 

expected. Be that as it may, in this paper, we spotlight on 

individuals detection task, where people are upstanding much 

of the time. Consequently, we modify the angle proportions to 

1:1, 1:2 and 1:3, which can spread practically all the upstanding 

people just as the greater part of the remaining people who are 

sitting, bending, crouching and so on. From that point forward, 

the convolutional part of each Faster RCNN is taken out. At that 

point, they are combined as the pre-trained model for preparing 

Parallel RCNN. Concerning the detection results, we set the 

score threshold to 0.8 and the crossing point over-union(IOU) 

threshold to 0.7, which implies that a positive outcome 

bounding box is the one with a confidence score above 0.8 and 

covers with the ground truth more than 0.7. 

Performance of depth image encoding 

To find the ideal approach to encode the depth picture among 

the three pervasive methods mentioned in area II, we train 

Faster RCNN on the depth pictures encoded by each method 

individually. The test outcomes appear in Fig.2 

 

 

Fig 2. P-R curve of the detector using different methods for 

depth image encoding. 

 

P-R curve is a significant presentation measure of item detector. 

As a rule, the closer to the upper right region of the figure the 

P-R curve is, the better exhibition the corresponding article 

detector has. As can be seen from Fig.2, the individual's 

detection results are best when the crude depth pictures are 

encoded by stream colourmap method. Another significant 

index is mAP, which can assess the exhibition of an article 

detector for the most part. The mAP of individuals detector 

utilizing plane colourmap, HHA and grayscale encoding 

method is 79.4%, 76.3% and 74.8% separately, which means 

fly colourmap encoding method is superior to other people. 

Along these lines, we utilize the depth pictures encoded by 

stream colourmap method as the depth stream contribution for 

Parallel RCNN in the accompanying segment. 

 

Performance of Parallel RCNN 

Right off the bat, the proposed Parallel RCNN is compared with 

a few cutting edge individuals detection methods, for example, 

Faster RCNN utilizing RGB pictures, and detectors based on 

HOG highlight, just as the association highlights of HOG, HOD 

and PDSS[6]. The depth pictures encoded by stream colourmap 

method are taken as the contributions of the depth stream of 
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Parallel RCNN. Parallel RCNN with normalized include maps 

acquires the maxima of these four indexes. Particularly 

compared to Faster RCNN using RGB pictures, Parallel RCNN 

has improved the indexes of accuracy, review, F1 score, and 

mAP with the augmentations of 0.7%, 1.6%, 1.1%, and 1.5% 

separately. 

 

Fig 3: P-R curve of different methods 

 

Fig.3 gives the P-R curve of each individuals detection method 

mentioned above, which indicates obviously that Parallel 

RCNN can acquire a special exhibition than others. 

Besides, we extend the consolidated component maps with and 

without normalization to a one-dimensional vector individually 

to examine the impact of L2 normalization. The comparing 

highlight vectors appear in Fig.4, from which we can see that 

the appropriation uniqueness of the component vector with L2 

normalization is substantially less than that without L2 

normalization. It implies that highlights from RGB pictures 

furthermore, profundity pictures can assume a similar job in 

individuals identification assignments when the joined element 

maps are standardized. 

 

       a) Without normalization, b) With the normalization 

Fig4. Feature values with and without normalization 

 

 

 

 

CONCLUSION 

In this paper, Parallel RCNN, a novel deep learning method for 

individuals detection utilizing RGB-D data is introduced. RGB 

pictures and encoded depth pictures are taken as the 

contributions of an end-to-end deep neural system all the 

while—the CNNs extract deep highlights from every modal 

data in parallel. After being normalized, they structure the 

combined element maps and are used for detection task under 

the structure of Faster RCNN. Exploratory assessment of this 

proposed method is performed on the RGB-D dataset, which is 

uniquely created for individuals detection task without anyone 

else. The trial results indicate that fly colourmap is the 

recommended method for encoding crude depth picture. The 

basis of the mAP of Parallel RCNN with L2 normalization can 

accomplish 91.5%, which is 1.5% higher than that of Faster 

RCNN utilizing RGB pictures as it were. 
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