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ABSTRACT

Despite significant progress in pedestrian detection has been

made in recent years, detecting pedestrians in crowded scenes

remains a challenging problem. In this paper, we propose to

use visual contexts based on scale and occlusion cues from

detections at proximity to better detect pedestrians for surveil-

lance applications. Specifically, we first apply detectors based

on full body and parts to generate initial detections. Scale pri-

or at each image location is estimated using the cues provided

by neighboring detections, and the confidence score of each

detection is refined according to its consistency with the es-

timated scale prior. Local occlusion analysis is exploited in

refining detection confidence scores which facilitates the fi-

nal detection cluster based Non-Maximum Suppression. Ex-

perimental results on benchmark data sets show that the pro-

posed algorithm performs favorably against the state-of-the-

art methods.

Index Terms— Pedestrian detection, crowded scenes, s-

cale prior, occlusion analysis

1. INTRODUCTION

Pedestrian detection is an important task for numerous appli-

cations including visual surveillance and intelligent vehicles

as it is a prerequisite for object tracking and event recognition.

While significant progress has been made to detect pedestri-

ans by considering each one independently at a time [1] [2]

[3] [4] [5] [6], these methods are less effective in crowded

scenes with heavy occlusion [7]. In this paper, we propose an

algorithm to detect pedestrians in crowded scenes by consid-

ering scale prior and mutual occlusion of all part detections

of the scenes.

Estimating the scale of each person correctly is challeng-

ing due to heavy occlusion especially in crowded scenes.

However, pedestrians can be better detected when approxi-

mate scale of pedestrians can be estimated [8].

In this work, we exploit scale and occlusion cues to de-

tect pedestrians in crowded scenes by weight averaging esti-

mates from detection response maps, thereby alleviating the

problems with results dominated by maximal confidence s-

cores. For scale estimates, we use multiple detectors based on

full body and parts to deal with heavy occlusion in crowded

scenes. To better integrate the prior and detection response,

we propose a scheme where the detection confidence scores

can either be penalized or rewarded based on the degree of

scale consistency in local neighborhood.

Different from existing methods which rely on either

global [9] [8] or greedy optimization [10] [11] for occlusion

analysis, we propose a novel local occlusion analysis method

in which the potential occluder is first searched for each part

detection and used as prior for the detection confidence score.

The Non-Maximum Suppression (NMS) scheme is used

to generate final detection results in which similar detections

are analyzed and clustered. As occlusion relationship is en-

coded into the confidence scores of individual detections, the

fast greedy NMS can be used to generate the final solution.

This plays an essential role in detecting pedestrians that are

heavily occluded. If the occluder is incorrectly removed from

the final solution, the occluded pedestrians can still be detect-

ed by the proposed scheme, whereas in such cases methods

based on greedy optimization fail.

Experimental results on benchmark data sets demon-

strate that the proposed algorithm performs favorably against

the state-of-the-art pedestrian detection methods in crowded

scenes.

2. RELATED WORK

Numerous methods have been developed for pedestrian detec-

tion under occlusion in crowded scenes. Existing approaches

can be generally categorized into three types. The first cate-

gory of methods is based on single object occlusion analysis.

Wang et al. determine occlusion maps from the responses of

block-wise HOG features [12] for pedestrian detection. In

[13], occlusion map is estimated from depth and motion dis-

continuities such that pedestrians can be effectively detected

in crowded scenes. Most recently, Ouyang et al. develop a

deep learning model to implicitly infer the visibility of each

body part to deal with occlusion for pedestrian detection [14].

The second type of methods use context information for

occlusion handling. Part-based object detection methods

have been used to collect local evidence, which is followed

by optimization processes for occlusion reasoning. Global

optimization methods based on Markov Chain Monte Carlo



[9], Expectation Maximization [15], binary integer program-

ming [8], and greedy approaches [10] [11] have been used for

pedestrian detection based on local cues. As responses within

local neighborhood are dependent, methods based on greedy

optimization are less effective because one false detection

may result in more false detections. Furthermore, global

optimization methods are mostly computationally expensive.

Detectors that consider two or more overlapped object-

s as one complex object have been developed [16] [17] [18]

in which typical appearance representations of object mutual

occlusions are modeled and used for disambiguation. Oth-

er cues such as ground planes or head pose estimation from

detection responses have also been applied to reduce false

alarms [19] [20] in crowd scenes. In [8], scale prior is esti-

mated from detection responses locally to improve detection

accuracy, without assuming that ground planes or head poses

are known.

3. PROPOSED ALGORITHM

3.1. Full-body and part detectors

We use the the Deformable Part Model (DPM) [2] trained on

the INRIA data set [1] as our full-body detector. To detect

pedestrians that are heavily occluded, we decompose the root

filter F0 of the full-body detector into blocks and use these

blocks and deformable parts to construct part detectors. Sim-

ilar to [21], the bias term of the linear classifier for each part

detector is learned from the training data by distributing the

bias term of the full body detector to each component (blocks

and deformable parts) proportionally.

3.2. Scale prior estimation

Suppose we have a set of detection responses D = {D1,

D2, . . . , Dn} for an image I . Each Di is a five tuple

(xi, yi, si, li, ci), with (xi, yi) the detection location, si the

scale, li ∈ {FB,HS,UB} the type of the detector (FB, HS
and UB represent full body, head-shoulder and upper body

respectively), and ci the detection confidence score given by

detectors [2] [21]. The scale effect of each detection Di at an

image location (x, y) is defined as

Fx,y(Di) ={
ciw(li) exp(− 1

1+si/s0
[ (x−xi)

2

σ2
x

+ (y−yi)
2

σ2
y

]), ci > 0

0, otherwise

(1)

where w(li) is a weighting factor proportional to the num-

ber of deformable parts in one detection (as a detection with

more detected parts is more discriminative and reliable), s0 is

the scale of a standard sized bounding box, i.e. 120× 40 pix-

els, and σx and σy control the neighborhood extent to which

the scale of a detection can be propagated across the image.

Thus, a detection with a higher confidence score and more

deformable parts plays a more important role in affecting the

detections within its neighborhood. The detection response is

not propagated if its detection confidence score is negative.

The scale prior at an image location is estimated by

sp(x, y) =

∑n
i=1 Fx,y(Di)si∑n
i=1 Fx,y(Di)

(2)

which is the average scale of all the detections weighted by

their respective scale influence at that location. Given the es-

timated scale prior sp and scale effect function Fx,y(Di), the

detection confidence score is refined by

cp(Di) = ci+

α ·
n∑

j=1

Fx,y(Dj) ·
((

min

(
si

sp(xi, yi)
,
sp(xi, yi)

si

))2

− β

)

(3)

where α is a weighting factor and β controls the scale con-

sistency. If the scale of a detection is significantly different

from the estimated scale prior, the detection confidence score

is reduced, and vice versa.

3.3. Mutual occlusion analysis

Mutual occlusion analysis is used to detect pedestrians under

heavy occlusion based on part detectors. In this paper, two

detections Di and Dj are called an occludee-occluder pair, as

shown in Fig. 1, if Di is a part detection and the image area of

the body part excluded by Di is mostly occupied by Dj , and

Di and Dj could not correspond to the same person (i.e. the

overlap ratios between corresponding deformable parts are s-

mall).

(a) occlusion pair (b) occluder (c) occludee

Fig. 1: Illustration of an occluder-occludee pair.

The optimal occluder Do∗(Di) of Di is one of its occlud-

ers with the highest detection confidence score

Do∗(Di) = argmax
Dj∈D

(cp(Dj)|O(Di, Dj) = 1) (4)

The final confidence score of a part detection Di is defined as

cf (Di) = min(cp(Do∗(Di)), cp(Di)) (5)
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Fig. 2: Results on the PETS-S1L1, PETS-S1L2,PETS-S2L2, PETS-S2L3 sequences.

The operation in (5) is based on the assumption that Di can

be positive only when Do∗(Di) is positive. If a part detection

does not have an occluder, its possibility of being a false pos-

itive becomes high. As a penalty, we set its cf to be cp minus

the ratio of the area of the body part it excludes to the area

of the full body. In this way, the final detection confidence

score of each part detection encodes its occluder’s informa-

tion, which facilitates the following simple NMS procedure

for final detection determination. For a full body detection

cf (Di) = cp(Di).

3.4. Detection cluster based Non-Maximum Suppression

Multiple responses of the same person are likely to occur due

to the nature of sequential processes at different locations and

scales. In addition, although part detectors can deal with oc-

clusion to certain extent, the localization and scale accuracy is

low. As such, we cluster responses from D into independent

pedestrian hypotheses to determine the final detection results.

Two detections are clustered into one group if (a) the de-

tected head parts have sufficient overlap and at least two other

deformable parts overlap with more than a certain threshold

(e.g., 50%), or (b) one of the two detections has more than

half number of its deformable parts overlap with the corre-

sponding parts of the other detection. With these heuristic

rules, each cluster is treated as one pedestrian hypothesis that

consists of multiple instances although they differ from each

other in terms of location, scale and parts.

For NMS, detections are sorted according to their final

confidence scores cf in the descending order and the over-

lap ratio is calculated for the effective region of a detection

instead of the full bounding box (e.g. for a upper body detec-

tion, the effective region is the upper 60% of the full bounding

box) so that heavily occluded detections still have chances to

be accepted as positives. Furthermore, in contrast to existing

methods that use NMS, once an instance of a detection clus-

ter is determined to be positive, the remaining instances with-

in that cluster are not further processed. When an instance is

accepted as positive, its bounding box is taken as the repre-

sentative bounding box of the cluster, i.e. confidence score

weighted average of all the bounding boxes in that cluster.
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Fig. 3: Results on the CUHK06 and CUHK08 sequences.

4. EXPERIMENTAL RESULTS

The proposed multiple pedestrian detection algorithm is eval-

uated on the PETS 2009 and the CUHK benchmark data set-

s. Both data sets consist of image sequences with multiple

pedestrians. For the PETS 2009 data set, we use the S1L1,

S1L2, S2L2 and S2L3 sequences where multiple pedestrians

are heavily occluded. Similarly, the CUHK06 and CUHK08

sequences from the CUHK data set are used for evaluation.

For all the experiments, the parameters are fixed to be σx =
50 and σy = 25 in (1) to account for scale variations in d-

ifferent directions. In addition, α and β in (3) are set to be

0.35 and 0.95 respectively, which indicate that if the scale of

a detection response deviates from the estimated scale for less

than 5%, its detection confidence score will be increased; oth-

erwise, its detection confidence score will be decreased. Our

sensitivity analysis on the parameters shows that the proposed

algorithm performs robustly with these settings.

The detection results are evaluated in terms of Log-

Average Miss Rate (LAMR) and we compare the proposed

approach with the state-of-the-art ACF detector [3] and the

baseline DPM detector [2]. For the PETS data set, as shown

in Fig. 2, the LAMR is reduced by 4.41% to 7.26% with

only scale prior, and the LAMR is further reduced by 0.97%

to 5.74% with occlusion analysis. The most significant im-

provement of 13.00% is achieved on the most crowded S1L2

sequence while the least improvement of 6.09% is obtained

on the least crowded S2L2 sequence. For the CUHK se-

quences, as depicted in Fig. 3, the improvement is 3.14% for

the less occluded CUHK06 sequence, whereas the improve-

ment is 13.92% for the heavily occluded CUHK08 sequence.

Fig. 4 shows some qualitative results of the evaluated
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Fig. 4: Detection results on images from the PETS S1L2, CUHK06 and CUHK08 data sets.

algorithms on images from the benchmark data sets. While

there are many missed detections and some wrong scale false

alarm detections for the DPM method due to inaccurate scale

estimation and heavy occlusion in crowded scenes, the pro-

posed algorithm is able to detect more pedestrians and remove

some detections of incorrect scales.

We compare the proposed algorithm with two learning

based multiple pedestrian detection methods [11] [17] on the

PETS and Parking Lot data sets. As the LAMR scores are

not reported and the source codes are not available, we com-

pute the Average Precision (AP) as discussed in [11] and draw

the 1-precision vs recall curve as presented in [17]. Table 1

shows that the proposed algorithm achieves higher AP than

[11] on the two PETS sequences without learning from exam-

ples with ground truth labels. Fig. 5 shows that at the recall

rate of 0.9, the proposed algorithm achieves precision high-

er than 0.7, whereas the recall rate of [17] is lower than 0.9

even when the precision is lower than 0.2. We note that the

proposed algorithm is not evaluated against [8] as the source

code is not available.

5. CONCLUSION

We propose an algorithm to exploit scale prior and occlusion

analysis to detect pedestrians in crowded scenes. Scale prior

at each image location is estimated based on information pro-

vided by neighboring detections, and the confidence score of

Table 1: Evaluation with [11] on the PETS sequences

PETS-S2L2 PETS-S2L3

Yan et al. [11] 0.7555 0.6557

Proposed algorithm 0.7683 0.6857
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Fig. 5: Comparison with [17] on the Parking Lot1 sequence

each detection is refined according to its consistency with the

estimated scale prior. Local occlusion analysis is proposed

to encode occlusion information into detection confidence s-

cores, which facilitates the final fast detection cluster based

NMS. Experimental results on benchmark data sets show that

the proposed algorithm performs favorably against the state-

of-the-art methods.
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