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Abstract With the development of pedestrian detection technologies, existing methods can
not simultaneously satisfy high quality detection and fast calculation for practical applica-
tions. Therefore, the goal of our research is to balance of pedestrian detection in aspects
of the accuracy and efficiency, then get a relatively better method compared with current
advanced pedestrian detection algorithms. Inspired from recent outstanding multi-category
objects detector SSD (Single Shot MultiBox Detector), we proposed a hierarchical convo-
lution based pedestrians detection algorithm, which can provide competitive accuracy of
pedestrian detection at real-time speed. In this work, we proposed a fully convolutional net-
work where the features from lower layers are responsible for small-scale pedestrians and
the higher layers are for large-scale, which will further improve the recall rate of pedestrians
with different scales, especially for small-scale. Meanwhile, a novel prediction box with a
single specific aspect ratio is designed to reduce the miss rate and accelerate the speed of
pedestrian detection. Then, the original loss function of SSD is also optimized by eliminat-
ing interference of the classifier to more adapt pedestrian detection while also reduce the
time complexity. Experimental results on Caltech Benchmark demonstrates that our pro-
posed deep model can reach 11.88% average miss rate with the real-time level speed of 20
fps in pedestrian detection compared with current state-of-the-art methods, which can be
the most suitable model for practical pedestrian detection applications.
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1 Introduction

1.1 Related work

As a recent key component of computer vision technologies, pedestrian detection has been
widely used in various practical applications. These applications include auxiliary driving,
intelligent monitoring, and autopilot technology. A real-time and high-accuracy pedestrian
detection algorithm is urgently required to support such intelligent applications. However,
most of the current pedestrian detectors suffer from bad trade offs between calculation
efficiency and detection accuracy in practice. At present, most improvement strategies of
pedestrian detection algorithms can be summarized as: 1. developing better features or
combining different pedestrian features, such as checkerboards [19]; 2. and combining arti-
ficial features with convolutional features or applying traditional statistical models to deep
learning methods, such as compACT-Deep [2], RPN + BF [20], and DeepParts [17].

Typical detectors utilize artificial features for pedestrian detection. For example, Navneet
Dalal and Bill Triggs [5] tried to extract body shape features with motion information by
using a Histograms of Oriented Gradients (HOG) descriptor. However, the generation of
HOG is time-consuming. The algorithm is also noise-sensitive and has difficulties in han-
dling occlusion problems. Ojala et al. [13] introduced a simple texture operator, local binary
patterns, that labels the pixels of an image by thresholding the neighborhood of each pixel,
and it also considers the result as a binary number. This algorithm is faster and simpler
than previous artificial feature-based algorithms. However, the algorithm only considers
local texture features of the image, which will significantly affects detection accuracy of
the algorithm. Dollar et al. [7] simply smoothed and downsampled the channels of pixels
and then exacted the aggregated channel features from a single pixel lookup. Although this
algorithm accelerates the speed of feature extraction and reduces the capacity of the feature
pool, its limited feature consideration results in difficulties in handling small-scale pedes-
trian detection. Rodrigo et al. [1] analyzed the remarkable progress of pedestrian detection
in the last decade by evaluating over 40+ detectors in the Caltech Benchmark. They stud-
ied the complementarity of the most promising ideas by combining multiple techniques and
they proposed the Katamari-v1 (SquaresChnFtrs+DCT+SDt+2Ped) algorithm. They finally
achieved a 22.49% miss rate on the Caltech data set by using HOG+Flow features. How-
ever, the above works mainly integrated various related methods with multiple features to
improve performance, thereby sacrificing efficiency.

Current mainstream pedestrian detection algorithms are attained by transferring the
learned features of Convolutional Neural Networks (CNNs) to pedestrians. Some innovative
work have already been done, such as that of Zeng et al. [18] which confirmed pedes-
trian candidate windows through CNNs to reduce detection miss rate. However, features
extraction in this work also used the traditional artificial framework (HOG + CSS + SVM).
Ouyang and Wang [14] proposed a new deep network architecture which integrates CNN,
part detection, deformation model, and visibility reasoning into a joint deep learning frame-
work. By establishing automatic mutual interaction among components, this deep model
achieves a 6% reduction in average miss rate compared with that of the previous algorithm
(the miss rate of [18] is 45%). Despite this promising result, the accuracy of this algo-
rithm is far from being practical utlized. Tian et al. [17] proposed DeepParts, which utilizes
CNNs combined with a part model to handle the occlusion problem in pedestrian detection.
Although this algorithm can outperform many state-of-the-art methods, the operation is still
time-consuming due to its complex framework.
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To expedite the feature learning, R-CNN [9] is constrained by a selected search region to
reduce searching range. Girshick [8] accelerated spatial pyramid pooling by using region of
interest pooling layer and a multi-task loss function in a single training stage. However, this
method is not robust enough for pedestrian detection. Ren et al. [16] introduced Region Pro-
posal Network (RPN) to generate high-quality region proposals and then merged them with
Fast R-CNN into a single network. The resulting network can simultaneously predict object
bounds and confidence scores at each position. The speed of this algorithm is significantly
accelerated compared with those of previous works. However, none of the current algo-
rithms are good enough to show accuracy and efficiency in pedestrian detection. This limita-
tion hampers numerous pedestrian detection applications from attaining their desired performance.

In contrast to the above deep models over single feature maps, the recently proposed
SSD [11] predicts objects over multi-scale feature maps with different resolutions from
various convolutional layers. Thus, fast and high-quality multiple-category detection is
achieved. Based on the multi-scale feature maps, Cai et al. [3] proposed MS-CNN to further
improve the handling of small-scale objects by utilizing various intermediate network lay-
ers, whose receptive fields match various object scales. Unfortunately, the multiple category
strategy will considerably increase detection error in varying shapes, especially in the case
of pedestrians. In fact, a salient characteristic of a dynamic pedestrian is that their scales are
constantly changing during detection. However, the above methods are not sensitive enough
to adapt to the change of the object scale. In summary, the above algorithms are still not
sturdy enough to provide highly robust pedestrian detection.

1.2 Differences and contributions

In the present paper, the proposed pedestrian detection algorithm is based on scale statis-
tics of the pedestrian [6] as well as SSD [11]. According to the above analysis of related
works, most algorithms utilize single-feature maps for target prediction, which easily lead-
ing to high miss rates in pedestrian detection. In contrast, SSD introduces a multi-scale
feature pyramid to deal with high-quality, multi-category object detection, thereby achiev-
ing improved performance in real-time speed. Inspired by the idea of SSD, we utilized only
convolutional features on different convolutional layers to perform end-to-end detection on
a single fully-convolutional network. To guarantee pedestrian detection accuracy, we fur-
ther propose a pedestrian-fitted prediction box in a multi-scale feature pyramid and compute
different scale features to manage various scale targets. Meanwhile, an acceleration strat-
egy for loss function is proposed in the training procedure to finally achieve high-accuracy
pedestrian detection in real-time. Our contributions can be summarized as followed:

– We optimized the recent multi-category object detector SSD into a professional pedes-
trian detector with high accuracy. Our proposed pedestrian detection algorithm reaches
the fastest speeds in real-time level with a more competitive detection accuracy
compared to other pedestrian detectors.

– We constructed a multi-scale feature pyramid, which uses low-level convolutional fea-
tures to detect small-scale pedestrians and high-level convolutional features to detect
large-scale pedestrians. This pyramid can significantly improve the recall rate of
pedestrians with different scales.

– We designed novel prediction boxes with a single specific log-average aspect ratio,
which can perfectly fit the shape and scale of pedestrians, to reduce pedestrian predic-
tion miss rate. Meanwhile, the designed prediction boxes can also greatly accelerate the
speed of prediction.
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– To further improve the accuracy of pedestrian detection, we simplify the origin loss
function by eliminating the interference of the classifier to improve adaptation in
pedestrian detection while also reducing the time complexity.

Experimental results of the Caltech Pedestrian Benchmark demonstrate that our proposed
deep model can provide high accuracy and real-time pedestrian detection, which can be
suitable for practical applications.

2 Proposed method

2.1 Model structure

Compared with multi-category object detection, pedestrian detection does not need to con-
sider category diversity issues. Although pedestrians have different body postures, clothing,
and angles, most show similar characteristics. In real scenes, the scales of pedestrians and
occlusion are changed frequently, and most pedestrians are small in scale. Therefor, scales
and occlusion are the two elements that should be considered in pedestrian detection. (see
Fig. 1).

A good pedestrian detection algorithm must be able to accurately handle scales and
occlusion problems. By taking full account of the importance of multi-scale detection and
the complexity of the system, we construct a multi-layer detection architecture similar to

Fig. 1 The images are sampled from typical street scene in the Caltech Pedestrian dataset. It is clearly that
the scales of pedestrians are totally different in the same scene. Further more, the pedestrians are all in a
dynamic state, which will also easy to lead to occlusion problem
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Fig. 2 We learn a single convolutional network for pedestrian detection. In this network, targets with differ-
ent scales are seperately processed by different layers. Lower layers are utilized to detect pedestrians with
small scales, and higher layers are responsible for pedestrians with large scales

the SSD. In this network, low layers are utilized to detect small targets, and high layers are
responsible for large targets (see Fig. 2). The network will help to improve the recall rate of
multi-scale pedestrians, especially for small-scale pedestrians.

In this work, we use VGG16 [4] as the basic network and then add several convolutional
layers. As shown in Fig. 3, the multi-scale feature maps are created from multiple layers and
are constructed as a feature pyramid with different resolutions to predict confidences and
offsets for prediction boxes. Feature maps with high resolutions are always accompanied by
low-level semantic features such as the conv3 3 layer, which greatly reduce the pedestrian
detection speed. To minimize the effect on speed and to guarantee high detection accuracy,
we abandon all feature maps before the Conv4 3 layer and use high-level features in the
network instead. Then, pedestrian detections are computed over remaining feature maps
with different scales in the given layers (Conv4 3, Conv7, Conv8 2, Conv9 2, Conv10 2,
Conv11 2 and Conv12 2) and the feature norm at Conv4 3 is scaled by using a L2 normal-
ization. Compared with methods that detect multi-scale anchor boxes over a single feature
map, our algorithm reduces the structural complexity and makes full use of semantic infor-
mation from different layers, which can simultaneously enhance the accuracy and efficiency
of pedestrian detection.

Fig. 3 Model of our pedestrian detector, seven feature maps with different resolutions are used for pedestrian
detection. After getting all detections, non-maximum suppression is used to get the final detection
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2.2 Prediction boxes in different layers

Most object detection algorithms utilize multiple shapes of the prediction box for detection,
which can improve locating and fitting of objects as well as maximize recall rate. Original
SSD [11] processes multi-default boxes with 5 aspect ratios (1: 1, 1: 2, 2:1, 1: 3, and 3: 1)
for each position of the feature map. In the training process, candidate boxes are regressed
according to different aspect ratios to update the shape and position of output windows and
finally find the positive sample. However, the shape distribution of pedestrians is distinct
from other general objects. YOLO v2 [15] utilizes a clustering method to forecast the aspect
ratio of prediction boxes, proving that using boxes that are close to detect objects improves
detection accuracy. Original multiple aspect ratios are no longer suitable to fit pedestrian
shape and size, and will only bring unpredictable errors and computational redundancy in
pedestrian detection.

Current scale statistics of pedestrians [6] showed that the height and width of pedestrians
can be approximately expressed as logarithmic distributions. Because any linear combina-
tion of the components of a multivariate normal distribution is also normally distributed,
the aspect ratio of pedestrians is formulated as w/h because log(w/h) = log(w)− log(h).
After multiple experiments on pedestrian samples, the log-average aspect ratio is finally
generalized as 0.41, which is proposed to be the most natural aspect ratio for all general
pedestrians. According to the above analysis of pedestrians, we proposed prediction boxes
constrained by the log-average aspect ratio (0.41) to replace multi-default boxes in the
original SSD for pedestrian prediction.

To guarantee the high accuracy of pedestrian detection in different scales, we match
ground truth boxes with a set of boxes associated with multi-scale feature maps. After a
high number of experiments, we confirmed that using our multi-scale prediction boxes with
a single aspect ratio will not affect the quality of detection compared with multiple aspect
ratios. As shown in Table 1, we greatly reduced the number of the prediction boxes , which
is only half of the original SSD. With the same parameters, our prediction boxes can slightly
improve average precision and speed.

Similar to anchor boxes in Faster R-CNN, boxes in this study are predicted by using
small convolutional filters (3× 3) over several feature maps. We construct distinct scales of
prediction boxes at different convolutional feature layers, which is an improved layout for
pedestrians. This layout will reduce the total number of prediction boxes and is conducive
to the locating and regression of pedestrians, thereby improving detection accuracy. In the
Caltech Pedestrian Benchmark [6], 15% pedestrians have a scale of 0 ∼ 30 pixels, 69%
have a scale of 30 ∼ 80 pixels and 16% have a scale of more than 80 pixels. Seven feature

Table 1 Compared with original SSD, the AP (average precision) of detection is slightly improved after
using our proposed boxes with a single aspect ratio. Meanwhile, the detection speed has accelerated about
2fps

Algorithms Aspect ratio Box types Number Input AP Fps

in different layers of boxes resolution

SSD512 1: 1, 1: 2, 2:1, 1: 3, 3: 1 4,6,6,6,6,4,4 24564 512*512 0.556 18

Ours 0.41 3,1,1,1,1,1,1 13653 512*512 0.560 20
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Table 2 The scales of the prediction boxes

Prediction layer Conv4 Conv7 Conv8 Conv9 Conv10 Conv11 Conv12

Scale 0.04 0.06 0.08 0.1 0.26 0.42 0.58 0.74 0.9

Actual scale 20 30 40 51 133 215 296 378 460

Actual height 32 48 64 80 208 336 464 592 720

Actual width 13 19 26 32 85 137 190 242 294

maps are used in the pedestrian detection. In Conv4 3, we specified the scale of prediction
box to be 0.04, 0.06, and 0.08 of the input image. This specifications mean that the sizes
of prediction boxes are set at 20, 30, and 40 pixels. Starting from Conv7, we use m feature
maps to describe predictions. The scale of the prediction boxes for each feature map is
therefore computed as:

Sk = Smin + Smax − Smin

m − 1
(k − 1), k ∈ [1, m] (1)

where smin = 0.1 is the scale of boxes from the lowest layer and smax = 0.9 is the scale of
boxes from the highest layer. We reduce smin just enough to enable it to adapt to small-scale
pedestrian detection (see Table 2).

We set ar as the aspect ratio of boxes. The width and height of boxes will thus be

wa
k = sk

√
ar , h

a
k = sk√

ar

(2)

where the center of each default box is ( i+0.5
|fk | ,

j+0.5
|fk | ) i, j ∈ [0, |fk|] and |fk| is the size of

the k-th feature map.

2.3 Match and training objective

The multi-scale prediction boxes match each ground-truth from different locations of fea-
ture maps. A box is set as positive if it can match any ground-truth, whereas others will
be set as negative. In this way, we allow one ground-truth to match more than one box to
avoid picking the maximum overlap, which will significantly reduce calculation complexity
(Fig. 4). Because the number of negative samples is much larger than pedestrian samples,
we utilize the hard negative mining method to select the highest-rated samples of the back-
ground for training. Use of this method results in a number of background samples that is
thrice the number of pedestrians. After matching, we calculate the category loss and location
loss for the samples and propagated them backwards.

The original SSD utilized an indicator in loss function to match the i-th default box with
the j-th ground-truth box to distinguish different categories. In fact, the accuracy of multi-
category based loss function is sensitive to category scores, meaning that only by correctly
distinguishing the category of training objectives can correct detection be attained. Because
the horizontal scale of pedestrians varies considerably, pedestrians are easily misclassified.
A large number of labels will be used to distinguish the category, consuming extra time.
Therefor, we simplify the indicator to improve adaptation in pedestrian detection by trans-
ferring the multi-category classifier to a pedestrian classifier. In our work, filters are utilized
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Fig. 4 Ground-truth are matching prediction boxes from multi-scale feature maps. The pedestrian with the
red ground-truth box has matched the red prediction box from the 4 × 4 feature map, while the pedestrian
with the blue ground-truth box has matched the prediction boxes from the 8 × 8 feature map

in each prediction box for forecasting the confidence of pedestrians and calculating shape
offsets. Similar to most object detection algorithms [10, 12, 14, 18], we simply consider
confidence loss (conf) and localization loss (loc) to generate our loss function:

F(x, c, l, g) =
{ 1

N
(Fconf (x, c) + Floc(x, l, g)) N �= 0

0 N = 0
(3)

where N is the number of prediction boxes matched with a ground-truth. The Fconf () is a
Softmax loss with confidence c, and Floc() is a smooth L1 loss between the prediction box
l and the ground-truth box g. Confidence loss is defined as:

Fconf (x, c) = − ∑N
i∈Pos xij log(ĉi ) − ∑

i∈Neg log(ĉ0i ),

ĉi = exp(ci )∑
exp(ci )

(4)

where xij is an indicator for matching the i-th prediction box with the j-th ground truth box,
xij = 1, 0 and

∑
i xij ≥ 1. Similar to Faster R-CNN [16], we regress to offset the center,

width and height of the default box:

Floc(x, l, g) =
N∑

i∈Pos

∑
m∈{cx,cy,w,h}

xk
ij smoothL1(l

m
i − ĝm

j ) (5)

The training process of our algorithm can be summarized as inputting data, generat-
ing prediction boxes, matching, calculating loss and completing backward propagation. As
shown in the pseudo-code 1, the image will be resized to 512 * 512 * 3 before inputting
data. After, some layers in the convolutional network are selected for detection, and dif-
ferent scale prediction boxes are constructed according to distinct layers. Then, we obtain
all matching results between prediction boxes and ground-truth boxes by using the Jaccard
overlap matching method. The overlap threshold is set to 0.5. Afterwards, we use hard nega-
tive mining to maintain the 3 : 1 ratio between negatives and positives. Finally, we compute
loss for prediction boxes and complete backward propagation.
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3 Experimental results and evaluations

3.1 Performance on Caltech benchmark

In this study, all experimental results are based on the Caltech Pedestrian Benchmark. The
Caltech Pedestrian dataset includes roughly 250,000 frames (in approximately 137 minute-
long segments) with a total of 350,000 bounding boxes. Approximately 2,300 unique
pedestrians were annotated. We extract one frame for every five frames of the Caltech train-
ing dataset as well as all frames from the ETH and TUD-Brussels data sets for training. The
training set includes 27,021 images, and 4,024 of images in the standard test set are used
for our evaluation.
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Fig. 5 Comparison with current state-of-the-art methods on the Caltech set using a default IoU threshold
of 0.5

We fine-tune the model from Pascal VOC 07+12. The initial learning rate is set to
0.001. In the training, learning rate will decline 0.1 time for every 10,000 training itera-
tions. Stochastic Gradient Descent is utilized to fine-tune the model, and the parameters of
momentum, weight and maximum iteration are set respectively to 0.9, 0.0005, and 40,000.
The evaluation metric is a log-average miss rate (MR) on False Positive Per Image (FPPI)
at the range of [10−3, 101].

As shown in Fig. 5, our algorithm achieves a miss rate of 11.88% when the default IoU
is set at 0.5. This rate is competitive, although slightly worse than that of RPN + BF [20]
and CompACT-Deep [2]. Our result indicates that using only the convolutional feature can
also achieve relatively high-quality detection compared with the current advanced pedes-
trian detection methods. Table 3 shows the results of current advanced pedestrian detection
algorithms and our method under various subsets. Among them, “reasonable” is the most
commonly used test set. Therefore, we devise a test to fully prove the improved performance
of our proposed method by challenging the eight best algorithms in the “reasonable” test
set. In this table, scale comparison is divided into four subcategories: near, medium, large,
and far. Likewise, occlusion comparison is divided into three categories: none, partial, and
heavy. “All” means that all images are included in the test. Especially in this condition, we
obtain the best detection performance, indicating that our algorithm can achieve a relatively
better quality of pedestrian detection than existing algorithms.

At present, the research of pedestrian detection is mainly focused on improving the
accuracy of detection. However, most of the algorithms face time-consuming problems. In
this study, we not only maintain good detection quality, but also accelerate detection to
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Table 3 Comparisons of performance with state-of-the-art on various test sets

Method Reasonable All Scale = Scale = Scale = Scale = Occ = Occ = Occ=

large near medium far none partial heavy

DeepParts 0.119 2 0.044 0.048 0.564 1.000 0.106 0.199 0.604

Checkerboards 0.185 0.687 0.039 0.061 0.594 1.000 0.161 0.362 0.775

Checkerboards+ 0.171 0.677 0.024 0.049 0.580 1.000 0.151 0.313 0.779

CCF 0.187 0.667 0.029 0.047 0.563 1.000 0.159 0.406 0.724

CCF+CF 0.173 0.686 0.042 0.055 0.596 1.000 0.146 0.377 0.727

CompACT-Deep 0.117 0.644 0.026 0.040 0.532 1.000 0.096 0.251 0.658

RPN+BF 0.096 0.647 0.012 0.023 0.539 1.000 0.077 0.242 0.744

Ours 0.119 0.544 0.016 0.031 0.398 0.773 0.102 0.201 0.512

The bold emphasis represents the minimum value

real-time speed. Our model is the most competitive model in a comprehensive level in terms
of time complexity. As shown in Table 4, our method is 10 times faster than current out-
standing models (RPN+BF [20] and CompACTDeep [2]), and reaches real-time speed (20
fps on Titan X). Compared with the current popular Faster R-CNN , our algorithm improves
the speed of detection by almost 3 times and has better detection performance. Compared
with SSD, our algorithm improves speed by approximately 2 fps under the same conditions,
because we use fewer but more efficient prediction boxes.

3.2 Performance on scales and occlusion subsets

The ability to handle scale and occlusion problems is an important criterion in evaluating
the performance of pedestrian detection algorithms. Actual scales of pedestrians are mostly
medium and far, and occlusion is mostly partial and heavy. Therefor, deeply analyzing the
above four situations is important. In these evaluations (Fig. 6), Roc scales are set as far
and medium to test capability of handling the multi-scale problem. Most of the methods
dramatically exhibit bad performances with challenging metrics. Our model outperforms
others with a far scale detection of 39.7% MR and a medium scale detection of 77.3% MR.
Compared with the closest competitors CompACT-Deep(far scale: 53.2% MR and medium
scale: 95.2% MR), our model improves results by 15.7% in average. RocOcc occlusions
are used to test the capability of handling occlusion problem. Among, partial and heavy
occlusions are respectively set to 1 − 35% and 36 − 85%. Our model obtained 20.1% MR
in partial subsets very close to the best result of DeepParts at 19.9% MR. However, our

Table 4 Comparisons of speed with state-of-the-art methods on Caltech Benchmark

Method Hardware (GPU) Fps MR(%)

RPN+BF K40 Z 2 9.58

CompACT-Deep K40 Z 2 11.75

Faster R-CNN K40 Z 5 20.2

Faster R-CNN(‘ a trous) K40 Z 5 16.2

SSD Titan X Pascal 18 20.3

ours Titan X Pascal 20 11.88
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Fig. 6 Comparison of our model with state-of-the-art methods on Caltech-USA scale subsets. a Setting the
RocScale as medium. b Setting the RocScale as far. Comparison of our model with state-of-the-art methods
on Caltech-USA Occlusion subsets. a Setting the RocOcc as partial b Setting the RocOcc as heavy

model performed 9.3% better than DeepParts in heavy subsets. In summary, our proposed
algorithm exhibits better performance in handling scale and occlusion problems compared
with current state-of-the-art algorithms.

To more intuitively demonstrate the improved performance of our algorithm, we selected
several test results from the Caltech Benchmark and compared them with results of our
algorithm. Our test mainly includes the detection performance comparison of small scale
pedestrians and the performance of handling random occlusions.

In the scale evaluation(shown in Fig. 7), the first column shows keyframes in the dataset;
ground-truth boxes are marked red. The remaining columns from left to right show results of
CompACT-Deep and those of our method. Detection boxes are marked green. As illustrated
in the figure, our method shows improved recall for small-scale pedestrians.

In occlusion evaluation (Fig. 8), at least 20% of the pedestrians in each image are vis-
ible. In the figure, the first row shows keyframes in the dataset; ground-truth boxes are
marked red. Remaining rows (from top to bottom ) show results of DeepParts and those of
our proposed method. As illustrated by the test results, our algorithm capable of obtaining
detection results similar to those of DeepParts. Results show as well that our algorithm is
also competitive in handling with pedestrian occlusion. However, our method got more false
detections in the second and third images compared with DeepParts. This result shows that
our algorithm is still inadequate.

As shown in Figs. 7 and 8, the yellow arrows are used to point out our false detec-
tion. As illustrated by the test results, our algorithm inevitably got few false detections
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Fig. 7 The samples of pedestrian detection results on scale subsets. The first column shows keyframes in the
dataset, and the remaining columns from left to right are respectively expressed as the results of CompACT-
Deep and our method. Ground-truth boxes are marked red and detection boxes are marked green. Also, in
the results of our method, the yellow arrows are used to point out our false detection. As shown, our method
shows improved recall for small-scale pedestrians

since it improved recall rate of pedestrians with different scales and levels of occlusion.
Taking example of Fig. 8, our algorithm got more false detection in the second and third
images compared with DeepParts. The occurrence of false detection is because that we
get more prediction boxes by predicting pedestrians over multi-scale feature maps, but our
convolutional networks, which based on VGG 16 are still not strong enough to learn very
strong pedestrian features. These results show that our algorithm is still inadequate. In the
future, we will try to improve the results by using deeper basic network and designing more
efficient feature pyramid.

3.3 Performance in real-life scenes

At last, our proposed pedestrian detection algorithm is tested in a realistic environment. We
randomly arranged several cameras in different angles to capture a the video of an indoor
basketball game. Pedestrians in videos of ball games are usually involved in dense occlu-
sion, fast movement, and variable shape changing, which may be immensely challenging
for current pedestrian detection algorithms in accurately catch every pedestrian. Different
shooting angles such as looking down and looking up, with poor lighting environment also
further leads to pedestrian deformation and brings additional noise to pedestrian detection.
Our proposed algorithm is also employed for practical pedestrian detection in real-life sce-
narios such as subway, park and campus. These environments are full of messy and random
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Fig. 8 The samples of pedestrian detection results on occlusion subsets. The first row shows keyframes in the
dataset and the remaining rows (from top to bottom) show results of DeepParts and our method. Ground-truth
boxes are marked red and detection boxes are marked green. Also, in the results of our method, the yellow
arrows are used to point out our false detection. As shown, our algorithm is also competitive in handling with
pedestrian occlusion

pedestrian flows. According to test results in Figs. 9 and 10, the tests conducted prove that
our proposed algorithm can adapt to harsh and complex environments to provide real-time
and high quality pedestrian detection and that it is ready for practical applications.

4 How our model get good performance

4.1 Analyze of multi-layer detection

In this study, the reason for improved detection performance in different scales is because
we utilize multi-scale convolutional feature maps for detection, thereby fully taking advan-
tage of semantic information from different layers. Although convolutional features have

Fig. 9 Detection results in basketball games. (In the indoor basketball game with poor lighting conditions,
our pedestrian detection algorithm still can accurately detect every athlete in such disordered environment
with real-time speed.)
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Fig. 10 Detection results in real-life environments. (Our proposed pedestrian detection algorithm is tested
in different scenes at different time. It is clearly that our algorithm can be applied for different practical
applications)

also been used in other existing methods, they only consider top-level features of the con-
volutional network for detection, affecting the accuracy of detection for small-scale targets.
In this section, our proposed algorithm is trained from scratch and the initial learning rate
is set to 0.0001. Our deep model is tested through evaluation of the contribution of each
layer to the MR. To simplify the evaluation, the maximum iteration number is set to 10,000.
As shown in Table 5, according to a large number of experiments, features learned from
the Conv4 3 layer will significantly decline the MR. Besides, the remaining higher layers
relatively have little contribution. The Conv4 3 layer correspond with an important fea-
ture map that can improve the detection accuracy of small-scale pedestrians. Although the
results did not show the full strength of our deep model, they are enough to clearly exhibit
the difference in the detection effects with the use of different feature maps.

Table 5 Comparisons of using different feature maps in our model on Caltech Benchmark

Feature Maps

Conv4 3 × � � � � � �
Conv7 � × � � � � �
Conv8 2 � � × � � � �
Conv9 2 � � � × � � �
Conv10 2 � � � � × � �
Conv11 2 � � � � � × �
Conv12 2 � � � � � � ×
MR rise compared with using all layers 0.064 0.058 0.028 0.044 0.005 0.011 0.012
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Table 6 The performance effect from the extension of training data

Training Data Image number Training AP MR(Reasonable) MR(All)

Size of Image Times

Caltech only 640*480 24,608 40,000 0.535 16.3% 56.0%

Multi-dataset (Caltech+eth+tud) 640*48 27,021 40,000 0.560 11. 9% 54.4%

4.2 The effect of training data

As previously mentioned, to achieve improved performance, we simultaneously used ETH,
TUD-Brussels and Caltech Pedestrian dataset as a joint training set to train our detec-
tion algorithm. The overall result shows that such a small training data extension can also
improve detection performance. As showen in Table 6, our method can achieve an Average
Precision (AP) of 0.535 and an MR of 56% for all images by using only the Caltech Pedes-
trian dataset as training data. Then, we extract all image frames from the ETH and TUD-
Brussels sets and construct a new training data set with the Caltech data set. We can achieve an
average precision of 0.56 and anMR of 54.4% for all images in the same test set. This result indi-
cates that the extension of training images slightly improves detection accuracy of the algorithm.

5 Conclusion

Our research aimed to break the current bottleneck in pedestrian detection in terms of preci-
sion and speed because few of the current algorithms can simultaneously satisfy high accu-
racy and real-time pedestrian detection. We propose a relatively robust algorithm compared
with other current pedestrian detection algorithms. Unlike other algorithms, our model
completely abandons artificial features and only utilizes a convolutional network for detection.

In this study, we construct a fully convolutional network for pedestrian detection, in
which the low-level convolutional features are used to detect small-scale pedestrians and
high-level convolutional features are used for large-scale pedestrians. The network can sig-
nificantly improve recall rate of pedestrians with different scales and levels of occlusion. We
utilize prediction boxes with a special log average aspect ratio instead of multiple default
boxes to predict pedestrians. Use of such boxes can reduce prediction MR and significantly
improve efficiency. We also simplify loss function from the original SSD to avoid influ-
ences from multi-category classifiers to further improve the comprehensive performance of
pedestrian detection. Experimental results validate that our algorithm successfully achieves
real-time pedestrian detection with competitive accuracy. In the future, we will further
improve our proposed pedestrian detector to enable it to adapt to a variety of lens angles and
harsh environments and thereby ensure practicality for industrial requirements. We believe
that our proposed deep model can support different kinds of practical applications.
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