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요 약

본 논문은 임베디드 GPU에서 실시간 동작하는 딥 컨볼루션 뉴럴 네트워크(CNN) 기반의 보행자 탐지 기법을 제안한다. 제안하는
기법에서는 먼저 영상 내 보행자 크기에 대한 통계적 분석을 통해서 최적의 컨볼루션 층의 개수를 결정한다. 또한, 본 논문에서는 다
중 스케일 CNN 학습 기법을 적용하여 영상 내의 보행자 크기 변화에 강인한 탐지 기법을 개발한다. 컴퓨터 모의실험을 통해 제안하
는 알고리즘이 임베디드 GPU에서 실시간 동작하면서도 기존의 기법과 비교하여 평균적으로 높은 정확도를 보임을 확인한다.

Abstract

We propose an efficient single convolutional neural network (CNN) for pedestrian detection on embedded GPUs. We first 
determine the optimal number of the convolutional layers and hyper-parameters for a lightweight CNN. Then, we employ a 
multi-scale approach to make the network robust to the sizes of the pedestrians in images. Experimental results demonstrate that 
the proposed algorithm is capable of real-time operation, while providing higher detection performance than conventional 
algorithms.
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I . Introduction

Pedestrian detection is an essential component of auto-
motive safety, robotics, and intelligent surveillance, which 
has recently attracted broad attention in both academia and 
industry [1-3]. One of the most important challenges in this 
task is the variation of pedestrians in the background and 
the size of objects in the image.

Many algorithms have been developed to address these 
challenges that use hand-crafted features [4, 5]. These algo-
rithms extract the features, such as HOG-LBP [5], that cap-
ture the most discriminative information of pedestrians. 
Then, a classifier decides if a bounding box is detected as 
a pedestrian. Support vector machine (SVM) and random 
forests are often applied in these approaches. 

Recently, deep learning has achieved high performance 
in general object detection problems [6-10]. However, most 
deep learning-based approaches focus on improving accu-
racy by applying more convolution layers or integrated re-
gion proposal networks as in Faster R-CNN [11]. There- 
fore, both the size and complexity of these algorithms are 
prohibited to be employed in practical applications. A few 
algorithms have been recently developed using an effective 
single-shot convolutional neural network (CNN) for general 
object detection, e.g., YOLO [9] and YOLOv2 [10]. YOLO 
consists of an end-to-end network to predict both object loca-
tions and classification probabilities. In [9], a simpler version 
is also proposed to process images for real-time applications, 
which is called tiny YOLO. YOLOv2 is an improved model 
of YOLO with various improvements. Despite their success, 
YOLO, tiny YOLO, and YOLOv2 are optimized for general 
object detection on Pascal VOC and COCO datasets. 
Furthermore, YOLO and YOLOv2 are deep CNNs that con-
tain an enormous number of parameters. 

To address the aforementioned issues of the deep learn-
ing-based pedestrian detection models, we develop a real-time 
pedestrian detector for embedded systems that is as accurate 
as YOLOv2 and more robust to pedestrian size variations. To 

this end, we simplify the network and optimize hyper-parame-
ters to make the representation easier to learn. Specifically, 
we first analyze the scale variations of the pedestrians in im-
ages, and determine the optimal number of convolution layers 
in the network. Then, we employ multi-scale training techni-
ques, making the detector robust to object sizes. Experimental 
results on the Caltech dataset demonstrate that the proposed 
model progresses at 300 fps on Nvidia Titan X GPU and 30 
fps on Jetson TX2 embedded GPU, while providing higher 
performance than tiny YOLO and YOLOv2.

II . Method 

We develop a unified approach to predict multiple 
bounding boxes and class probabilities for pedestrian de-
tection by a single CNN. The proposed network is ex-
tended from tiny YOLO to optimize end-to-end for pedes-
trian detection.

1. Network Architecture

To design an effective CNN architecture, we first analyze 
the characteristics of the pedestrian dataset. The sizes of the 
pedestrians in the dataset can be categorized into three groups 
according to the height in pixels: small scale (30 pixels or 
less), medium scale (between 30 and 140 pixels), and large 
scale (140 or more pixels) [1]. Also, we notice that most pe-
destrians are observed at small and medium scales [1]. 

Based on the analysis, to increase the detection perform-
ance for pedestrians in small and medium scales, the pro-
posed network consists of two stages, i.e., feature ex-
traction and prediction. The feature extraction stage in-
cludes convolution layers with max pooling, batch norm 
[12], and leaky ReLU [13] after each convolution as an ac-
tivation function. We determine four (conv1~4) as the opti-
mal number of convolution layers in the feature extraction 
stage to increase the size of the grid cell without enlarging 
the number of parameters and the size of the network. 
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Hence, we achieve a larger grid cell and less computation 
time. Table 1 summarizes the full details of the proposed 
network.

Layer name Layer size Filter size/stride Number of 
parameters

Input ××

Conv1 ×× × 

Pool1 ×× ×

Conv2 ×× × 

Pool2 ×× ×

Conv3 ×× × 

Pool3 ×× ×

Conv4 ×× × 

Pool4 ×× ×

Conv5 ×× × 

Conv6 ×× × 

Conv7 ×× × 

표 1. 제안하는 네트워크의 파라미터 요약
Table 1. Summary of the proposed network layers

2. Training Settings

To make the proposed network robust to the size varia-
tions of pedestrians, we change the sizes of images in the 
training data after every few iterations. Specifically, after 
every ten batches in training, the network randomly selects 
a new image size. Following [10], the smallest size is 
× , and the largest size is × . We used 
the Darknet deep learning library [14] to implement the 
proposed network. The model is trained on the Caltech da-
taset [1] with stochastic gradient descent (SGD) optimizer 
on Nvidia Titan X GPU. We trained the network with the 
loss function in [9].

III. Experimental Results

We evaluate the performance of the proposed algorithm on 
the Caltech dataset, and then compare our results with those 
of tiny YOLO [9] and YOLOv2 [10]. We also evaluate the 
computational complexity of the proposed algorithm on two 

different GPUs: Nvidia Titan X and Nvidia Jetson TX2. 
We evaluate the accuracy of pedestrian detection using 

the recall metric, which is the positive predictive value, 
given by

 


× (1)

where   and  denote a true positive value and false 
negative value, respectively. To compare the performance 
of bounding box prediction, we employ the intersection 
over union (IoU) metric that computes the ratio between 
intersection region and predicted bounding boxes and refer-
ences, defined as

Model
Small scale Medium scale Large scale Average

Recall IoU Recall IoU Recall IoU Recall IoU

tiny YOLO 18.31 28.85 35.71 40.62 82.76 63.41 32.16 38.13

YOLOv2 13.80 25.19 29.28 36.42 72.41 57.38 26.51 34.05

Proposed 37.75 44.96 62.44 53.92 65.52 54.40 57.73 52.08

표 2. Caltech 데이터셋을 이용한 recall 및 IoU 성능 비교.
Table 2. Comparison of the detection performance using recall and IoU 
on the Caltech test dataset.

Table 2 compares the detection accuracy in terms of the 
recall and IoU performance for different sizes of pe- 
destrians. If the predicted bounding boxes overlap with the 
references, IoU values are close to 100. Otherwise, the val-
ues are close to 0. Table 2 shows that, while tiny YOLO 
and YOLOv2 provide higher detection rates for large scale, 
the proposed algorithm outperforms tiny YOLO and 
YOLOv2 for medium and small scales. This is because the 
proposed network is designed to be shallow to improve the 
computational efficiency. Therefore, it learns low- and me-
dium-level features to detect the pedestrians at small and 
medium scales effectively, while providing lower perform-
ance for large-scale pedestrians.

 


×. (2)
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Model
Frames per second (fps)

Titan X Jetson TX2
YOLOv2 67 8

tiny YOLO 207 27
Proposed 290 29.5

표 3. YOLOv2, tiny YOLO 및 제안하는 기법의 속도 비교.
Table 3. The computation speed in fps of YOLOv2, tiny YOLO, and 
the proposed algorithm

Model Parameters Size (MB)

YOLOv2 70,000,000 280

tiny YOLO 12,000,000 48

Proposed 987,314 3.95

표 4. 모델 크기 및 네트워크 파라미터 수 비교
Table 4. Comparison of the model size and network parameters.

Finally, we compare the computational and storage effi-
ciency in terms of computation time and model size in 
Tables 3 and 4, respectively. The computation time and 
storage of the proposed model are faster and smaller than 
tiny YOLO and YOLOv2. Specifically, the proposed algo-
rithms is 1.4 times faster than tiny YOLO and 4.5 times 
faster than YOLOv2. For model size, the proposed network 
is 12.2 times smaller than tiny YOLO and 70.9 times 
smaller than YOLOv2. To summarize, the proposed de-
tector is capable of real-time operation on resource-con-
strained systems, while providing accurate detection and 
robust to pedestrian size variations.

IV. Conclusions

We proposed a fast single CNN for pedestrian detection 
on embedded GPUs in this work. First, we determined the 
optimal number of convolution layers in the network based 
on the statistical analysis of pedestrians. Then, to process im-
ages of different sizes, we employ a multi-scale approach to 
train the network with different sizes of images. Experimental 
results demonstrated that the proposed algorithm outperforms 
tiny YOLO and YOLOv2 in terms of the average recall and 

IoU scores. We also showed that the proposed algorithm is 
capable of real-time operation on embedded GPUs.
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