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Abstract

Due to the large amount of data to be processed by visual applications aiming

at extracting high-level understanding of the scene, low-level methods such

as object detection are required to have not only high accuracy but also low

computational cost in order to provide fast and reliable information. Train-

ing sets containing samples representing multiple scenes are used to learn

object detectors that can be reliably used in different scenarios. In general,

information extracted from multiple feature channels is combined to capture

the large variability present in these different environments. Although this

approach provides accurate detection results, it usually leads to a high com-

putational cost. On the other hand, if characteristics of the scene are known

before-hand, a set of simple and fast computing features might be sufficient

to provide high accuracy at a low computational cost. Therefore, it is valu-

able to seek a balance between these two extremes such that the detection

method not only works well in different scenarios but also is able to extract
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enough information from a scene. We integrate a set of data-driven regres-

sion models with a multi-stage based human detection method trained to

be used in different environments. The regressions are used to estimate the

detector response at each stage and the location of the objects. The use of

the regression models allows the method to reject large number of detection

windows quickly. Experimental results based on human detection show that

the addition of the regression models reduces the computational cost by as

much as ten times with very small or no degradation on detection accuracy.

Keywords: Object Detection, Partial Least Squares, Human Detection,

Regression Models.

1. Introduction1

High accuracy and low computational cost are desirable properties for2

object detection systems. The need for low computational cost is dictated3

by the large amount of data that needs to be processed, i.e. object detection4

may be applied on thousands of frames of a surveillance video. In general,5

there is a trade-off between accuracy and computational cost, in which the6

achievement of higher detection speeds results in some degradation of accu-7

racy.8

Object detectors are learned using datasets representing different types9

of scenes – e.g., indoor, outdoor, and urban – to be as general as possi-10

ble during the detection phase, so that they can detect objects in scenes11

with very different characteristics. To accomplish this, detection methods12

usually combine different types of strong feature descriptors, which leads to13

higher computational costs. On the other hand, simpler and fewer features14
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can provide enough information to perform accurate detection when scene-15

specific characteristics are considered during the detector learning, i.e. a16

detector is learned to be used specifically with a video feed from a fixed cam-17

era pointing towards a parking lot. As a result, the computational cost of18

the scene-specific detector would be lower, but it would be unlikely to work19

in scenes with different characteristics due to the bias incorporated in the20

training set. Therefore, it is worth seeking a balance between learning done21

completely offline (and general enough to be used in multiple environments),22

and learning considering specific characteristics of a scene, so that accurate23

detection results can be obtained at lower computational cost.24

Aiming at reducing the computational cost without degrading accuracy,25

we take advantage of information collected from the scene where the detection26

is being performed by incorporating low cost incremental regression models27

into a multi-stage detector learned using a very general training datasets28

(referred to as generic detector). The idea is to use the response of the generic29

detector, considered to be accurate due to its use of strong combination of30

feature descriptors, to learn such regression models, which can then be used31

for rejecting a large number of detection windows quickly.32

We use the human detector proposed by Schwartz et al. [1] as the generic33

detector. It is a two-stage sliding window based detector which provides34

high accuracy across different datasets but at high computational cost. Its35

accuracy is due to the use of several feature channels combined by Partial36

Least Squares (PLS).37

Even though the generic detector is very accurate, its computational38

cost is high due to the large feature space considered. To reduce this cost,39
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Schwartz et al. [1] also proposed a two-stage approach where the first consid-40

ers only a subset of feature descriptors. However, the computational complex-41

ity is still high; therefore, here, we integrate regression models learned during42

detection so that even fewer feature descriptors need to be used, providing43

significant speed-up without reducing detection accuracy when compared to44

the generic detector.45

According to experimental results based on the ETHZ pedestrian46

dataset [2], composed of three video sequences collected from a moving47

platform, the integration of the regression models with the PLS human48

detector provides a speed-up of approximately 8 times without any degrada-49

tion in detection accuracy; if a small decrease in accuracy is acceptable, the50

speed-up reaches 9.6 times. In addition, our results show that a significant51

reduction in the computational cost is due to the online learning performed52

using the regression models.53

This paper is organized as follows. In Section 2, a review of works aim-54

ing at detection optimization is presented. Section 3 describes the proposed55

method showing how it is integrated into the PLS human detector. Experi-56

mental results and conclusions are presented in Section 4 and 5, respectively.57

2. Related Work58

Several object detection methods have been developed and improved in59

the last few years, however, much research is still necessary in order to ad-60

dress real applications with acceptable speed and accuracy [3]. The methods61

typically have their focus on cascade of classifiers, design of suitable features,62

mechanisms for speeding-up the detection process on parallel architecture,63
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tracking-aided detection, and online learning aspects. In the following para-64

graphs, we first describe detection methods grouping them according to their65

focus (even though some of them might present multiple emphases) and then66

we contrast our method to the described approaches.67

A common approach used to optimize object detection is based on a68

boosted cascade composed of weak classifiers learned during the training69

phase. In their seminal work, Viola and Jones [4] proposed a face detector70

based on AdaBoost [5], that combines successively more complex classifiers71

in the cascade that rejects a large number of detection windows in earlier72

(and faster) stages of the cascade. More recently, Zhu et al. [6] extracted73

histogram of oriented gradients (HOG) features [7] using a cascade classifier74

framework obtaining real-time detection with detection accuracy comparable75

to the work by Dalal and Triggs at the expense of largely increased training76

time. In addition, based on the covariance features proposed by Tuzel et al.77

[8], Paisitkriangkrai et al. [9] proposed a cascade classifier that evaluates weak78

classifiers in Euclidean space instead of on the Riemannian manifold, which79

results in much faster computation.80

A general method for building cascade classifiers from deformable part81

models was proposed by Felzenszwalb et al. [10]. Partial hypotheses are82

pruned through a sequence of thresholds computed over a sample of pos-83

itive examples, which theoretically guarantees the performance of the cas-84

cade method. A cascade detection algorithm for a general class of models is85

formally defined by a grammar.86

Yang et al. [11] described an approach that handles the case in which the87

object detector is degraded due to a limited number of training samples. The88
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method employs a set of previously trained auxiliary detector for other object89

categories through the deformable part model proposed by Felzenszwalb et al.90

[10]. Global appearances and local components between different categories91

are explored in their method.92

Wu and Nevatia [12] proposed a method for integrating multiple het-93

erogeneous features for object detection. Cascade detectors are learned by94

boosting weak classifiers. Each weak classifier is applied to a local image95

region, from which three different features are extracted, edgelet, histogram96

of gradient and covariance descriptors.97

A method known as WaldBoost is proposed by Šochman and Matas [13],98

which integrates AdaBoost-based measurement selection and Wald’s sequen-99

tial probability ratio test. Parzen windows with proper Gaussian kernel width100

are used in the method to estimate joint conditional densities of all measure-101

ments.102

A boosting algorithm, called FCBoost, is proposed by Saberian and Vas-103

concelos [14], where a Lagrangian cost is minimized both for classification104

risk and complexity. The cascade is learned in a holistic way, such that the105

method determines the optimal cascade configuration automatically.106

Lampert et al. [15] proposed a branch-and-bound scheme to accelerate107

object localization based on a subwindow search to efficiently predict the best108

location of an object in an image for a number of quality functions. In related109

work, Lampert [16] described a divide-and-conquer method for accelerating110

the evaluation of classifier cascades for object detection. Sets of candidate111

regions, in contrast to individual regions, allow large numbers of potential112

locations to be discarded, reducing the computational cost as compared to113
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more traditional strategies of cascade object detection evaluation, where the114

classifier exhaustively considers every candidate region in the images.115

A multi-stage Monte Carlo sampling with boosting cascade approach for116

pedestrian detection in images and videos was proposed by Gualdi et al.117

[17]. The method incrementally estimates a likelihood function and uses the118

response of the classifier to refine the classifier, taking into account samples119

on the regions where the objects are potentially present and avoiding search120

over other regions.121

Detection optimization can also be performed by developing or changing122

feature descriptors so that they involve lower computational cost. Pettersson123

et al. [18] proposed the HistFeat to reduce memory bandwidth for evaluating124

HOG features. Only one memory access is required to perform a feature125

evaluation, as opposed to six to nine accesses when the features are evaluated126

from an integral image. The HistFeat was subsequently extended by Overett127

et al. [19] aiming at a better balance in terms of processing and memory128

bandwidth. Abramson et al. [20] proposed control-points features based on129

relations between sets of pixels, thus avoiding the need to compute histograms130

over regions of the image. These features are extended and called connected-131

control-points by Moutarde et al. [21], by adding constraints on the location132

of the points selected to be part of the relations.133

A general measure of “objectness” trained to distinguish windows con-134

taining an object from background windows was proposed by Alexe et al.135

[22]. This approach combines in a Bayesian framework a number of image136

characteristics. They demonstrated that one of them, the closed bound-137

ary characteristic, outperforms a saliency based on residual of images in the138

7



spectral domain [23].139

Multi-resolution image analysis has also been employed for optimizing140

object detection. Using a predefined feature hierarchy, where lower resolu-141

tion features are initially used to reject the majority of negative windows at142

relatively low cost, leaving a small number of detection windows to be pro-143

cessed in higher resolutions, Zhang et al. [24] used HOG features for object144

detection. As a result, they achieved real-time detection with performance145

comparable to that by Dalal and Triggs. Not only using feature hierarchy146

but also making the spatial stride of the sliding window search inversely pro-147

portional to features resolution, Pedersoli et al. [25] proposed a detection148

method that provides even higher speed-ups since fewer detection windows149

need to be considered.150

A category-independent object localization method was described by En-151

dres and Hoiem [26], where seed regions are generated by a hierarchical seg-152

mentation and learned affinity functions. The regions corresponding to dif-153

ferent objects are top-ranked through a structured learning process based on154

estimated boundaries, geometry, color, and texture.155

A strategy for speeding-up the image scan for object detection using a156

recursive coarse-to-fine refinement and spatial constraints of object locations157

was presented by Pedersoli et al. [27]. A pyramid of HOG features is extracted158

from image blocks. The method does not need thresholds to prune object159

location hypotheses. The results of the method is compared with a cascade160

of multiple resolutions approach, producing slightly better performance in161

speed and average-precision.162

A fast pedestrian detector was described by Dollár et al. [28], which ap-163
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proximates features at multiple scales, such as gradient histograms, using164

a sparsely sampled image pyramid to significantly increase the speed of an165

object detector with little loss in accuracy.166

Other research for speeding up object detection considers parallel archi-167

tectures, such as graphics processing units (GPU). Wojek et al. [29], Zhang168

and Nevatia [30], and Prisacariu and Reid [31] implemented GPU versions169

of HOG detector [7]. All three obtain detection accuracy similar to the CPU170

implementation, but with significant speed-ups; for example, a speed-up of171

67× was reported by Prisacariu and Reid [31].172

Tracking systems have also been employed to aid object detection. A173

multi-person tracking system mounted on a mobile platform was presented174

by Ess et al. [32], which integrates into a graphical model several modules,175

such as appearance-based object detection, camera position, depth estima-176

tion, and visual odometry. The geometry of the scene and an overcomplete177

set of objects are first estimated, then features are used to address object178

interactions, tracking, and prediction. The results are evaluated on video179

sequences from busy pedestrian areas. A stereo-based system for detect-180

ing, localizing, and tracking pedestrians from a moving vehicle was proposed181

by Bajracharya et al. [33]. Shape features are extracted from regions of182

interest segmented from the scene and used to classify pedestrians. The sys-183

tem is evaluated on ground-truthed datasets in outdoor environments with184

different degrees of person density and clutter. A multi-cue vision system185

for detection and tracking of pedestrians from a moving vehicle was pro-186

posed by Gavrila and Munder [34], which is based on a cascade of modules187

involving stereo-based region of interest generation, shape-based detection,188
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texture-based classification and stereo-based verification. An optimization189

heuristic is used to generate near-optimal parameter settings.190

A tracking system, called MILTrack, based on an adaptive appearance191

model was described by Babenko et al. [35]. An online multiple instance192

learning approach for object detection was used to implement the tracker,193

which is a variant of the AdaBoost algorithm [5]. A similar feature selection194

technique developed by Grabner and Bischof [36], but using different criteria195

for choosing weak classifiers, is employed in MILTrack. The method outper-196

forms the online AdaBoost and SemiBoost trackers and in some tests out-197

performs or ties the FragTrack algorithm [37]. However, the method in [36]198

presents the drawback of computing all features before using the selectors to199

choose the feature that will be used. Computing all features increases the200

computational cost. This is avoided in the method proposed in this work.201

Online learning can also be used to make detection more accurate. The202

parameters of an initial (possibly weakly) trained model are updated as de-203

tection is performed. Javed et al. [38] proposed a co-training process to204

progressively label incoming data and use it for online update a boosted205

classifier initially trained from a small set of examples. Features used for206

classification are extracted from principal component analysis of the appear-207

ance templates of the training examples and stationary regions of the image208

are pruned with background modeling to speed up the classification.209

Li and Fei-Fei [39] described an incremental method for automatic dataset210

collection and model learning based on a non-parametric graphic model.211

Their approach, called OPTIMOL, learns object category models and col-212

lects object category datasets from resources of the Web. Wu and Nevatia213
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[40] proposed an unsupervised learning approach based on online boosting214

for cascade structure detector. Body part detection responses are combined215

through an automatic labeler, called oracle. Noise restraining schemes are216

employed both in the oracle and the learning components. Kembhavi et al.217

[41] proposed an incremental multiple kernel learning for object recognition.218

Their framework simultaneously updates the training dataset and the weights219

used to combine multiple kernels.220

Pang et al. [42] described a method for adapting boosting detectors ca-221

pable of handling disparities in data caused by viewpoint and scene changes.222

Appearance variations are compensated by shifting selected features to dis-223

criminative locations. Weighting coefficients are adapted through covariate224

boost to enhance the limited set of examples.225

Shen et al. [43] generalized kernel-based mean shift (MS) trackers to over-226

come two limitations of the traditional MS trackers, the use of a single static227

image to construct a template representation and the difficulty in updating228

this target model. An object representation model is trained from a large229

amount of data by using a support vector machine and the tracker is imple-230

mented by an iterative optimization scheme to maximize the classification231

score. The method in [43] relies only on tracking, which is a weak approach232

particularly in hard video sequences such as the ones used in this work due233

to occlusion, poor quality and crowded scenes. For this reason, the method234

proposed in this work relies on detection, which can reduce the effect of most235

of such problems.236

Jie et al. [44] described a generalization of the multi-class multi-kernel237

learning (MKL) problem that allows to tune the sparsity level of the solu-238
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tion to obtain nearly optimal performance. Their algorithm, called OM-2,239

guarantees an error bound on any individual data sequence.240

A semi-supervised learning based on multiple graphs, named as OMG-241

SSL, applied to video annotation was proposed by Wang et al. [45]. The242

scheme is equivalent to first fusing multiple graphs and then conducting semi-243

supervised learning on the fused graph, such that proper weights are assigned244

to the edges of the graphs. Knowledge from multiple modalities, multiple245

distance functions, and temporal consistency is encoded into the graphs,246

whose complementarity can be explored into a regularization framework.247

Multiple kernel learning for object detection was described by Vedaldi248

et al. [46], where a combination of exponential kernels is used to capture249

different feature channels. A three-stage classifier combining linear, quasi-250

linear, and non-linear kernel SVMs is proposed. The classifier defines a dis-251

criminant function that is used to rank candidate regions containing an in-252

stance of the object of interest. However, the three-stage cascade resulted in253

a laborious process in terms of training and testing.254

Differently from most works based on online learning, that use informa-255

tion extracted from the scene to improve detection accuracy by updating an256

initially (possibly weakly) learned detector, we incorporate information pro-257

vided by a robust offline trained detector to learn scene-specific regression258

models able to reject a large number of detection windows quickly. Due to259

the reduced number of remaining detection windows, they can be presented260

to a robust detector (even though slow) and still maintain high detection261

accuracy at a low computational cost. Therefore, the online learning pro-262

vides a mechanism for speeding-up the detection without recurring directly263
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to traditional speeding-up approaches such as cascade of classifiers, design264

of suitable features, or use of parallel architecture. Experimental results will265

show that the incorporation of our proposed regression models reduces the266

computational cost without degrading the detection accuracy.267

3. Proposed Method268

This section describes the proposed approach to take advantage of scene269

specific information via training of low cost regression models guided by270

the two-stage PLS human detector. These regression models can then be271

employed to reject a large number of detection windows at very low compu-272

tational cost. The main idea is to learn two types of regression models: one273

approximates the PLS detector responses and the second estimates human274

locations. Both use only a small subset of feature descriptors, so that a large275

number of detection windows can be rejected quickly and only a small frac-276

tion need to be considered by the more robust, but slower, generic detector.277

The first regression type estimates the numerical response of the generic278

detector at each stage using efficiently computable (or previously computed)279

feature descriptors to reject detection windows quickly. The second type280

is based on the observation that when applying sliding window object de-281

tectors, multiple detection windows located near the correct object location282

provide high response (so would need to be evaluated at a next stage of283

processing or filtered by non maxima surpression). Therefore, we devise a284

regression model to estimate the “correct” bounding box position more ac-285

curately, similar to the approach proposed by Felzenszwalb et al. [47]. In our286

framework, this allows us to reject redundant detection windows near true287
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detections, consequently reducing the number of windows evaluated by the288

generic detector.289

The online data-driven regression models proposed here also use PLS,290

but PLS regression instead of PLS for dimensionality reduction of the data291

as done by the generic detector. Three regression models are considered:292

two to estimate the generic detector responses before each stage and one to293

estimate the human location, performed right before the second stage of the294

PLS detector. These regression models are learned using information from295

the scene in which detection is being performed (responses and bounding296

boxes locations provided by the generic detector), as will be discussed in297

detail later.298

first stage second stageresponse 
regression I

update response 
 regression I

simple features
F1(W1)

input 
detection 
windows

W2 location regression
F2(W3)

F1(W2)
R1(W2)

F2(W4)

update
response reg. II
& location reg.

F2(W5) output 
detection 
windows

R2(W5), W5

W5

W1

response 
regression II

Figure 1: Integration of the regression models into the PLS detector. Regression models

to estimate the detector response, the response regression I and the response regression II,

are added before each stage and a regression to estimate the object location, the location

regression, is incorporated right before the second stage.

The flowchart of the integrated method is shown in Figure 1. In this299

diagram, Wi represents a set of detection windows, Fj(W i) denotes a set of300

feature vectors extracted from detection windowsWi, andRk(W i) represents301

the responses obtained for detection windows Wi at the k-th stage of the302

14



generic detector. The details of the method are described subsequently.303

In the remaining of this section, we first present an overview of the PLS304

detector proposed by Schwartz et al. [1], used as the generic detector, and a305

brief review of partial least squares regression. Then, the data-driven opti-306

mization framework based on regression models and its integration with the307

PLS detector are described.308

3.1. Overview of the PLS Detector309

1st stage

input 

detection 

windows

W1

R1(W1), F1(W1), W2

2nd stage

output 

detection 

windows

W3

Figure 2: Steps of the PLS detector proposed by Schwartz et al. [1]. Given an input set

of detection windows, W1, the first stage outputs the windows selected to be considered

by the second stage, W2 ⊂ W1, the response and the features for all input detection

windows, R1(W1), F1(W1), respectively.

The approach proposed by Schwartz et al. [1] is a two-stage sliding window310

human detector based on PLS to reduce the data dimensionality, resulting311

in very small feature vectors for classification. For each detection window in312

the image, features are extracted using HOG [7], color frequency [1], and co-313

occurrence matrices [48] and are analyzed by PLS to reduce dimensionality,314

resulting in a low dimensional vector. Then, a classifier is used to label this315

vector as either human or non-human.316

The first stage (referred in this work to as first stage) considers a small317

subset of the 170,820 features in order to reject detection windows faster.318
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This subset of features used for the first state is obtained by using the variable319

importance on projection (VIP) method [1]. Then, for the detection windows320

not rejected by the first stage (detection windows with response higher than a321

predefined threshold), the full feature set is extracted and a second response322

value is obtained (this stage will be referred to as second stage). Finally,323

detection windows with high responses are identified by the second stage as324

the location of the humans in the image.325

Figure 2 shows a diagram illustrating the flow of the PLS detector. It is326

important to note that although the first stage selects a set W2 ⊂ W1 of327

detection windows, the features extracted during the first stage, F1(W1), and328

the responses R1(W1) are available for all detection windows,W1, considered329

by that stage. This information will be used by the regression models to avoid330

recomputing features for detection windows.331

In this work, we consider the PLS detector as the generic detector and332

we incorporate, before each stage, a PLS regression model to approximate its333

responses with a low computational cost. These regressions are based on a334

subset of feature descriptors used by the generic detector to exploit features335

already extracted.336

3.2. Partial Least Squares Regression337

Partial least squares is a method for modeling relations between sets of338

observed variables by means of latent variables. PLS constructs new predic-339

tor variables (latent variables) as linear combinations of the original variables340

summarized in a matrix X of predictor or independent variables (features341

describing a sample) and a matrix Y of dependent variables. Detailed de-342

scriptions of the PLS method can be found in Elden [49] and Rosipal and343
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Kramer [50].344

Let X ⊂ Rm denote an m-dimensional feature space (independent vari-

ables) and let Y ⊂ Rl be a l-dimensional space representing l dependent

variables. Let the number of samples be n. PLS decomposes the mean-

centered matrices Xn×m and Y n×l into

X = TP T +E

Y = UQT + F

where T n×k and Un×k are matrices containing k extracted latent vectors,345

matrices Pm×k and Ql×k represent the loadings, and matrices En×m and346

F n×l are the residuals.347

Using the nonlinear iterative partial least squares (NIPALS) algo-348

rithm [51], a set of weight vectors is estimated and stored in the matrix349

S = (s1, s2, . . . , sk), such that350

[cov(ti,ui)]
2 = max

||si||2=||ci||2=1
[cov(Xsi,Y ci)]

2 (1)

where ti is the i-th column of matrix T , ui the i-th column of matrix U and351

cov(ti,ui) is the sample covariance between latent vectors ti and ui. After352

extracting the latent vectors ti and ui, matrices X and Y are deflated by353

subtracting their rank-one approximations based on ti and ui. This process354

is repeated until the desired number of latent vectors has been extracted.355

The steps performed by NIPALS are shown in Algorithm 1. NIPALS356

extracts one weight vector at each iteration until a predefined number of357

weight vectors k has been reached. The loop between lines 2 and 8 estimates358

the i-th weight vector si, where ui is a n× 1 vector initialized randomly and359
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ε is a small value (< 10−6). Lines 9-10 estimate the loadings and lines 11-12360

perform a rank-one deflation of matrices X i and Y i to be used in the next361

iteration.362

Algorithm 1: NIPALS algorithm.

Input: data matrix X1 = X, dependent variables Y 1 = Y , and

number of latent vectors, p.

Output: S = (s1, . . . , sk), T = (t1, . . . , tk), P = (p1, . . . ,pk).

for i = 1 to k do

1 ui ← random assignment

repeat

2 si ←XT
i ui/(u

T
i ui)

3 ||si||2 → 1

4 t0 ← ti

5 ti = X isi

6 ci = Y T
i ti/(t

T
i ti)

7 ||ci||2 → 1

8 ui = Y ici

until ||ti − t0||2 < ε

9 pi = XT
i ti/(t

T
i ti)

10 qi = Y T
i ui/(u

T
i ui)

11 X i+1 = X i − tipTi
12 Y i+1 = Y i − tiqTi

end

Once the low dimensional representation of the data has been obtained by363
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NIPALS, the regression coefficients Bm×l = (β1,β2, . . . ,βl) can estimated364

by365

B = S(P TS)−1T TY . (2)

The regression response for the i-th dependent variable, represented by yvi ,366

for a feature vector v (obtained by the feature extraction process, described367

in details in Section 4.1) is estimated as368

yvi = yi + βT
i v (3)

where yi is the sample mean of the i-th column of matrix Y .369

It is important to point out that even though the number of latent vectors370

used to create the low dimensional representation of the data matrix X is k,371

Equation 3 shows that only a single dot product of a feature vector with the372

regression coefficients is needed to obtain the response of a PLS regression373

model for an dependent variable. This makes the use of PLS regression374

particularly fast to estimate the detector response for a detection window375

when compared to the generic detector, which would need to perform k dot376

products before obtaining the response, obtained by a classifier learned in377

the latent space.378

3.3. Data-Driven Detection Optimization Framework379

As discussed earlier, our goal is to develop a framework to optimize de-380

tection by incorporating a set of online learned regression models based on381

cheap (and possibly already computed) feature descriptors to increase the382

number of detection windows rejected prior to expensive feature computa-383

tion. This will lead to a significant reduction in computational cost while384

keeping accuracy high.385
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The regression models are used to accomplish two goals. First, they are386

used to estimate the generic detector response at each stage, so that detection387

windows with low expected response can be quickly rejected. Second, based388

on the observation that multiple detection windows with high response but389

incorrect location tend to cluster around a true human location, regression390

models are learned to estimate the correct location and size of humans. These391

regression models use features already available as the independent variables,392

i.e. features computed by the k-th detection stage are used to learn the393

regression used prior to the k+ 1’st stage. Therefore, overhead generated by394

feature extraction can be largely avoided.395

3.3.1. Regression to Estimate the Detector Response396

Since the goal is to estimate the detector response without having to397

compute expensive features used by the generic detector for the k-th stage,398

features from the previous stage are used as independent variables. The399

responses of the detector at the k-th stage are considered as dependent vari-400

ables. Figure 3 illustrates the learning process.401

Fk-1(Wk-1)

k-th stage
learn/update

k-th regression

Rk(Wk-1)
Wk-1 βk

Figure 3: Learning a regression model to estimate the generic detector responses for the

k-th stage. Using features extracted from the previous stage, k-1, and responses obtained

by the generic detector at the k-th stage, a regression model is learned using Fk−1(Wk−1)

and Rk(Wk−1) as independent and dependent variables, respectively.

We now describe how the detection model used to estimate the detector402
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response at each stage is learned. The approach is data-driven – the regres-403

sion models are not learned from a training set but from the video sequence404

in which the detection is being performed. After applying the generic detec-405

tion method to the first frame of the video sequence to obtain the detector406

response and the features extracted for each stage, an initial regression model407

is built to estimate each stage responses.408

Once the models to estimate each stage response are available, they are409

used to reject detection windows before the execution of the generic detector410

at a given stage, as illustrated in Figure 4. Note that Wrk ⊂Wk−1. After411

the detector is executed, only the responses for detection windows in the412

set Wrk will be available, denoted by Rk(Wrk). Therefore, the regression413

model for the k-th stage is rebuilt by adding Fk−1(Wrk) and Rk(Wrk) as414

independent and dependent variables, respectively (this process is shown in415

Algorithm 2 for the k-th stage). Practically, a list of limited size is considered416

to store samples used to build the regression model, and when new samples417

are added and the size of the list exceeds its limit, samples from older frames418

are discarded first. This allows the regression model to adapt to changes (i.e.,419

changes in background patterns and statistics) that take place over time.420

Fk-1(Wk-1) k-th stage
Wrk

k-th regression Wk, Rk(Wrk)

Figure 4: Execution of the regression model to estimate the generic detector response for

the k-th stage. Before executing the k-th stage, features extracted from the k− 1-th stage

are used to estimate the response of the generic detector at the k-th stage. The detection

windows with low response are rejected before expensive features for the current stage

need to be extracted.
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Algorithm 2: Execution of the k-th stage.

Input: Wk−1: detection windows not discarded in stage k − 1.

Output: Wk: detection windows selected to be presented to the k-th

stage.

for each frame of the video sequence do

1 Rk(Wk−1)← estimate responses for windows in Wk−1 for

regression coefficients βk

2 Wrk ← select detection windows in Wk−1 with high responses

(Wrk ⊂ Wk−1)

3 Rk(Wrk)← estimate responses of the k-th stage for windows Wrk

4 Wk ← select detection windows not discarded by the k-th stage

(Wk ⊂ Wrk)

5 update βk using windows Wrk and responses Rk(Wrk)

end

3.3.2. Regression to Estimate Object Location421

In addition to the estimation of detector response for each stage, we also422

use a regression model to predict the object location. This allows us to423

reduce further the number of detection windows that need to be considered424

by the generic detector at a given stage. For this regression model, while425

the independent variables are also the features extracted for the previous426

stage, the dependent variables are the tuple (∆x,∆y,∆w,∆h), where ∆x427

and ∆y denote the difference on the x and y axes of the centroid of a given428

detection window and the correct location of the object, and ∆w and ∆h429

denote the difference between a given detection window width and height,430
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and the correct object size, respectively.431

Since ground truth object location is not known during the detection for432

a video sequence, the correct location used to learn the regression model is433

assumed to be the location specified by the last stage of the generic detector434

after performing non-maximum suppression.435

The employed algorithm to learn the regression model is as follows. After436

non-maximum suppression is performed on the detection windows selected by437

the last stage, only the ones with response higher than a threshold are stored438

in a set Wt = {d1, d2, . . . , dk} where di = (cxi, cyi, wi, hi). Here, (cxi, cyi)439

denotes its centroid and wi, hi its width and height, respectively. Then,440

values for (∆x,∆y,∆w,∆h) of each incorrect detection window considered441

by the last stage are computed and added with their respective features to442

learn the regression model. Once learned, the regression model is used to443

estimate the correct location of objects given a detection window locations444

and its features. Similar to the regression models used to estimate detection445

responses, this regression model is also updated over time.446

During execution, for a set of detection windows Ws selected from a447

previous stage, the features describing each detection window di ∈ Ws are448

projected using the regression model and the tuple (∆xi,∆yi,∆wi,∆hi) is449

obtained. The new (and expected to be correct) location of di is then (cxi +450

∆xi, cyi + ∆yi, wi + ∆wi, hi + ∆hi). Then, considering the new locations451

of the detection windows, non-maximum suppression is conducted and the452

detection windows with small estimated response are rejected. Note that if453

non-maximum suppression were applied before correcting the locations, fewer454

detection windows would be rejected because they would be more sparsely455

23



(a) input frame (b) centroids after first stage (c) centroids after regression 

Figure 5: Location of objects. (a) input frame; (b) map showing the concentration of

centroid locations for detection windows selected after the first stage of the PLS detector

(regions in red show larger concentration than regions in blue); (c) concentration of the

centroids after executing the regression to estimate object locations. The peaks are located

mostly at the same positions as the pedestrians are in the input frame.

located in the frame, as illustrated in Figure 5.456

3.4. Integrating the Regression Models into the PLS Detector457

Now we describe how the regression models are integrated into the PLS458

detector. Figure 1, displayed earlier, shows a flowchart of the resulting459

method, where the solid-black arrows describe the path of selected detec-460

tion windows and the dashed-red arrows show the flow used to update the461

regression models. The steps are sorted in an increasing order of complexity462

(additional features are added along the path). Detection windows with low463

responses are rejected as early as possible to reduce the computational time464

significantly.465

The integrated detector is described as follows. First, we construct re-466

gression models to estimate the detector response for each stage, the response467

regression I to estimate the responses of the first stage and the response re-468

gression II to estimate the responses of the second stage. Furthermore, a469
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regression model to estimate the location of the objects, called the location470

regression, is added right after the response regression II, so that additional471

detection windows can be rejected before reaching the computationally ex-472

pensive second stage.473

Features extracted during the first stage are used for the response re-474

gression II and the location regression, which avoids extracting features to475

be used specifically for these two regressions. However, features need to be476

computed to apply the response regression I, since no features are available477

at this point of the process. Therefore, a feature extraction module is added478

prior to the first regression (denoted simple features). This module extracts479

a very small number of features for each input detection window (a subset480

of the features used in the first stage), which is used by the response re-481

gression I to quickly reject a large number of detection windows. Although482

only few features are used, experiments show that approximately 98% of the483

input detection windows can be rejected at the response regression I without484

decreasing detection accuracy when compared to the original PLS detector.485

4. Experimental Results486

In this section, we describe the results obtained by the integrated detec-487

tion method. After describing the experimental setup, we analyze how often488

the regression models need to be updated in order to provide a satisfactory489

trade-off between recall and computational cost. Then, we evaluate the de-490

tection results when regression models are learned offline and no updates are491

performed. Finally, we evaluate a baseline approach based on a boosting cas-492

cade and compare the detection results obtained by the PLS human detector493
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with our proposed integrated detection method and analyze the rejection of494

detection windows and the speed-up obtained when each regression model is495

incorporated into the detection process.496

(a) Seq. #1 (1000 frames) (b) Seq. #2 (451 frames) (c) Seq. #3 (354 frames)

Figure 6: First frame of each video sequence used to evaluate the proposed method.

4.1. Experimental Setup497

To evaluate our method, we use the ETHZ pedestrian dataset [2], which498

is composed of three video sequences collected from a moving platform. The499

first frame of each sequence is shown in Figure 6. These sequences contain500

frames of size 640 × 480 pixels. For all the experiments, the detection is501

performed over 16 scales to consider humans with heights between 60 and502

500 pixels, with strides of 4 pixels in the x-axis and 8 pixels in the y-axis.503

This setup results in 64, 292 detection windows per frame.504

The features used for the integrated detector are the following. The505

feature descriptors extracted for the regression response I, referred to as506

F1, are HOG features computed from block sizes of 32 × 32 pixels with507

a stride of 32 pixels, resulting in 312 descriptors per feature vector. The508

features, F2, extracted for the first stage are also HOG features computed509

from multiple block sizes: 16×16 and 32×32 pixels, with strides of 8 and 16510
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pixels, respectively, resulting in 2,210 descriptors per feature vector. These511

descriptors are also used for response regression II and the location regression.512

Finally, the features used for the second stage, F3, are the same as those used513

by Schwartz et al. [1] (HOG, color frequency, and co-occurrence matrices),514

maintaining the original block configuration. Note that F1 ⊂ F2 ⊂ F3,515

therefore, features computed earlier can be reused in later stages.516

An approach to reducing the computational cost is to perform feature517

selection to decrease the number of descriptors required to be extracted. It518

is important to note that feature selection would need to be performed only519

for the regression response I, since the descriptors for regression response II520

and location regression are available from the first stage.521

Since we employ a sliding window approach to detecting humans, even522

though descriptors might not be extracted for a given location inside the523

detection window, the same descriptors would need to be extracted for that524

location at some time later due to a shift of the detection window. We525

conducted an experiment removing half of the HOG descriptors used by526

the first regression and evaluated the number of extracted descriptors and527

compared that to the original number of descriptors before removal. The528

number of descriptors computed was reduced only by 15%. Therefore, due529

to such small savings, a feature selection method was not employed in the530

regression response I.531

In the generic PLS detector, a threshold is used at each stage to reject532

detection windows presenting low responses (first stage uses 0.2 and second533

stage 1.0). The same thresholds used for the first and second stages are534

considered for the response regressions I and II, respectively. For the loca-535

27



tion regression, a threshold based on the intersection-over-union measure [52]536

between detection windows is considered. If the intersection-over-union be-537

tween two detection windows, after correcting their location by the response,538

is greater than a threshold, the detection windows with lower (expected)539

response are rejected. In our experiments, we use 0.5 as this threshold.540

To evaluate several aspects of the integrated method and compare them541

to the original PLS detector, we consider the following detector setups. Orig :542

the generic PLS detector is applied [1]; 1reg : only the response regression I543

is incorporated with the generic method; NMS : after executing the response544

regression I and the first stage, non-maximum suppression is conducted be-545

fore executing the second stage; 2reg : the response regressions I and II are546

incorporated with the generic detector; 3reg : the fully integrated method is547

considered.548

To update the regression models, a list with a fixed number of samples549

is maintained. When new samples are added and the size of the list exceeds550

its limits, older samples are removed. The list for response regression I con-551

tains at most 25,000 entries; each entry corresponds to a detection window552

considered by the first stage and contains a feature vector (with 312 descrip-553

tors from F1) and the response obtained when the corresponding detection554

window was considered by the first stage. Similarly, each entry in the list555

for response regression II corresponds to a detection window considered by556

the second stage and contains a feature vector (with 2,210 descriptors from557

F2) and an associated response obtained by evaluating the corresponding de-558

tection window at the second stage. This list contains at most 500 entries.559

Finally, the list to store samples used to learn regression location contains at560
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Figure 7: Frequency of updates for the regression models. In update10 and update20,

the models are updated every 10 and 20 frames, respectively, and in update1 the update

is performed every frame. (a) average computational time per frame for each setup; (b)

detection rates at fixed false positive per image.

most 100 entries, each entry contains a feature vector with 2,210 descriptors561

from F2.562

We conduct evaluations with respect to computational time, detection563

tradeoff, and the number of detection windows selected to be considered at564

each step of the detection process. In results depicting of computational time,565

the total time is divided into overhead (time to load and rescale the images566

and compute the integral representation for HOG), updating and executing567

the regressions, and the first and second stages.568

All experiments were conducted on an Intel Core i7-860 processor, 2.8569

GHz with 4GB of RAM running Windows 7 using a single processor core.570

The method was implemented in C++.571
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4.2. Updating the Regression Models572

Our first experiment evaluates the frequency which the regression models573

are updated with, a parameter for the method. For this experiment, we use574

video sequence #3 of the ETHZ dataset to setup this parameter and then we575

use it in the remaining experiments, where we consider all the three videos.576

Figure 7(a) compares the average computational time per frame to the577

frequency that the response regressions are updated, considering updates578

performed every frame (update1 ), every 10 frames (update10 ) and every 20579

frames (update20 ).580
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Figure 8: Number of detection windows selected by the response regression I for each

frame for sequence #3.

Although the recall for all configurations is similar for different values581

of FPPI, as shown in Figure 7(b), the computational cost for updating the582

regression models every frame is the smallest. That is because the number583

of detection windows selected when the update is performed every frame is584

smaller than the number of detection windows selected when the update is585
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performed at every 10 or 20 frames, as shown in Figure 8.586

Based on the results shown in Figure 7, we conclude that the best trade-587

off between speed and detection results is achieved when the regressions are588

updated every frame. Therefore, the regression models will be updated every589

frame in the remaining experiments.590

4.3. Offline Learning of the Regression Models591

This experiment aims at assessing the degradation of the detection rates592

when the regression models are learned offline using either a different video593

sequence or the same video sequence (in this latter case, the regression models594

are not updated after few frames to emulate an offline learning).595

Figure 9 compares online and offline learning for the regression models.596

The results obtained for the three video sequences clearly show that online597

learning provides higher recall for a fixed computational cost. In addition, we598

can see that even when a higher computational cost is allowed, the detection599

obtained with the offline learning does not outperform the results obtained600

by the online learning.601

In none of the sequences online learning provides lower recall than of-602

fline learning. However, depending on the video sequence that the offline603

regression models are learned from, the detection rates can be significantly604

degraded; i.e. when the regression models are learned from sequence #1 and605

the detection is performed in sequence #3, indicating that sequence #1 is not606

suitable for offline learning, which might be due to the presence of only few607

people on the frames used in the training. Therefore, even though there is an608

overhead due learning and applying the regressions, online learning provides609

consistently higher recall and lower computational cost than offline learning.610
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Figure 9: Comparison between online and offline learning of the regression models. All

values for recall are obtained with FPPI fixed at 1.5. Online learning: 1reg, 2reg, and 3reg.

Offline learning: learned from Seq. #1, learned from Seq. #2, and learned from Seq. #3.

The x-axis shows the average time to process a frame. Multiple points in the curves for

the offline learning were obtained by changing the threshold to reject detection windows

in the first stage.

4.4. Baseline Comparison611

In this section, we compare the proposed method considering the 1reg612

setup (only the regression response I is incorporated with the two stages613
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of the generic detector) with the boosting-based detector proposed in [4]614

using the trained pedestrian detection cascade available at [53], provided by615

Kruppa et al. [54]. This cascade is composed of 30 stages and was learned616

to detect full bodies. The computational cost of this cascade is very low617

for rejection, and we compare our method’s computational cost at similar618

detection levels.619

We integrate the cascade with the generic detector to obtain the same620

configuration as 1reg – that is, instead of using regression response I, we621

used the cascade to select the detection windows that are considered by the622

first stage of the generic detector. Since the full cascade, trained for 30 stages,623

provides very low recall, we also evaluated configurations with 5, 10, 15, 20,624

and 25 stages.625

Table 1 shows the results achieved by the cascade (as a function of the626

number of stages) and our method with the 1reg setup for the ETHZ video627

sequences. For the cascade, the higher the number of stages, the lower the628

computational cost and recall. The reason is that fewer detection windows629

are passed to the first stage of the generic detector. Comparing the processing630

time and recall, 1reg setup achieves higher recall at a lower computational631

cost for all sequences.632

It is also important to note that detection results achieved with 1reg are633

better even though the number of selected windows is smaller compared to634

the cascade with five stages. Thus, 1reg is more precise in its selection, which635

results in a lower overall computational cost since fewer windows are passed636

on.637
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different number of stages (cascade)

Sequence 5 10 15 20 25 30 1reg

Seq. #1

recall 0.561 0.548 0.498 0.415 0.349 0.349 0.591

time (s) 12.90 8.45 5.05 2.74 2.46 2.45 11.99

# windows 4737 1389 267 41 16 16 1497

Seq. #2

recall 0.620 0.601 0.543 0.375 0.270 0.270 0.636

time (s) 14.76 8.30 4.38 2.69 2.44 2.44 12.65

# windows 6728 1714 283 32 10 10 1562

Seq. #3

recall 0.671 0.593 0.447 0.208 0.103 0.103 0.755

time (s) 10.79 6.03 3.38 2.43 2.31 2.26 7.58

# windows 4479 1079 175 16 3 3 968

Table 1: Comparison between a cascade-based detector, considering multiple number of

stages, and the application of the 1reg setup of the proposed method (last column). Time

represents the average processing time per frame and # windows denotes the average

number of detection windows selected per frame by the cascade or the regression response

I (out of 64, 292 detection windows).

4.5. Evaluation and Comparisons638

Since we are proposing a framework to speed-up an existing detection639

method, we compare accuracy and speed between the PLS human detector640

and the integrated method described in Section 3.4. We also evaluate the641

individual modules.642

Table 2 compares the recall obtained by each setup when multiple false643

positive per image values are considered. Figures 10-12 compare several644

variations of the method, as a function of the number of detection windows645

considered by each module for the three video sequences.646

Regarding the number of detection windows, Figures 10-12 show that the647
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Sequence FPPI
Recall

Orig [1] 1reg NMS 2reg 3reg

Seq. #1

0.0 0.086 0.086 0.066 0.079 0.058

0.5 0.399 0.397 0.344 0.401 0.357

1.0 0.513 0.513 0.446 0.518 0.487

1.5 0.592 0.591 0.497 0.596 0.574

2.0 0.640 0.635 0.528 0.638 0.619

Seq. #2

0.0 0.008 0.008 0.008 0.009 0.007

0.5 0.537 0.539 0.442 0.544 0.533

1.0 0.612 0.613 0.488 0.614 0.609

1.5 0.637 0.636 0.509 0.642 0.639

2.0 0.652 0.652 0.521 0.658 0.657

Seq. #3

0.0 0.042 0.042 0.038 0.042 0.036

0.5 0.572 0.583 0.491 0.616 0.586

1.0 0.706 0.709 0.579 0.753 0.735

1.5 0.755 0.755 0.616 0.789 0.787

2.0 0.781 0.777 0.636 0.805 0.805

Table 2: Detection trade-off at different values of false positive per image.

number of detection windows selected on later steps of the detection process648

is reduced significantly. It is important to observe that even though very649

few features are used in the response regression I, approximately 98% of the650

input detection windows are rejected at this step. This high rejection rate is651

due to the online learning, which provides a way of tuning the regressions to652

the environment being considered.653

Table 3 shows the computational time for each variation of the method.654

This table lists the time spent in each of the following tasks: overhead,655

regression (update and execution), first and second stages. The overhead is656
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Figure 10: Number of detection windows considered for each part of the integrated method

when detection is performed using sequence #1.

composed of the time to load the image, rescale it to multiple scales and657

compute the integral representations used to extract HOG descriptors.658

Based on the results showing computational time in Table 3, it is clear659

(and expected) that the second stage has the highest computational cost -660

more than half of the time is spent in the second stage. This emphasizes661

the importance of incorporating the regression models before this stage to662

reject as many detection windows as possible. As a result, we have that the663

avoidance of the second stage (the most accurate but very expensive stage)664

when the detection windows are likely to be background and running it in665

windows presenting some response, the method is able to be fast but still666
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Figure 11: Number of detection windows considered for each part of the integrated method

when detection is performed using sequence #2.

very accurate, as shown in Table 4. Furthermore, we also see that there is667

some overhead added when more regression models are incorporated; this668

is mainly due to the time required to update the models, since the time to669

apply the regressions is almost constant and very small.670

Besides the speed-up achieved by incorporating the regressions, Table 2671

shows that when the first two regression models are considered (2reg), the re-672

call increases for all three sequences compared to the generic method. There-673

fore, even though many fewer detection windows are being considered by the674

second stage, the rejection of detection windows based on data-driven regres-675

sions is keeping only the windows more likely to be in their correct locations.676
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Figure 12: Number of detection windows considered for each part of the integrated method

when detection is performed using sequence #3.

Table 4 summarizes the detection results showing the average computa-677

tional time per frame, the speed-up obtained compared to the original PLS678

method, and the recall obtained when the FPPI is fixed at 1.5. We see that679

the highest speed-up is obtained by the method applying non-maximum sup-680

pression after the first stage, but the reduction in recall is significant. The681

best trade-off between speed-up and recall is achieved by 2reg. In addition,682

even though there is a slight drop in recall, the setup 3reg achieves a signifi-683

cant speed-up, providing an acceptable trade-off between speed-up and recall684

when higher detection speeds are necessary.685

The choice between 2reg and 3reg can be guided by the user’s goal. If the686
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Orig [1] 1reg 2reg 3reg NMS

Sequence 1

overhead 1.25 1.27 1.37 1.24 1.27

regression (update) - 0.53 1.15 1.42 0.52

regression (execution) - 0.26 0.32 0.31 0.25

1st stage 14.85 0.39 0.46 0.40 0.38

2nd stage 33.98 9.54 5.18 2.60 1.04

Total time 50.08 11.99 8.48 5.97 3.46

Sequence 2

overhead 1.36 1.40 1.41 1.41 1.38

regression (update) - 0.56 1.17 1.54 0.55

regression (execution) - 0.29 0.34 0.36 0.28

1st stage 15.98 0.45 0.50 0.49 0.44

2nd stage 35.11 9.95 3.15 1.62 0.92

Total time 52.45 12.65 6.57 5.42 3.57

Sequence 3

overhead 1.26 1.22 1.22 1.24 1.24

regression (update) - 0.50 1.05 1.39 0.51

regression (execution) - 0.23 0.25 0.26 0.24

1st stage 14.80 0.23 0.27 0.26 0.25

2nd stage 23.47 5.41 2.34 1.27 0.58

Total time 39.53 7.59 5.13 4.42 2.82

Table 3: Computational time, in seconds, for each part of the integrated method and

its total when detection is performed for all video sequences. Sign ’-’ indicates that the

module is not part of that setup.

accuracy can be slightly lower but speed is necessary, then 3reg can be used;687

on the other hand, if accuracy is the most important factor, 2reg should be688

considered. In any case, the original PLS detector, which is several times689
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Sequence Orig [1] 1reg NMS 2reg 3reg

Seq. #1

time (s) 50.1 12.0 3.45 8.48 5.97

recall 0.592 0.591 0.497 0.596 0.574

speed-up 1.0× 4.1× 14.5× 5.9× 8.4×

Seq. #2

time (s) 52.4 12.6 3.57 6.57 5.42

recall 0.637 0.636 0.508 0.642 0.639

speed-up 1.0× 4.1× 14.6× 8.0× 9.6×

Seq. #3

time (s) 39.5 7.59 2.81 5.12 4.43

recall 0.755 0.755 0.616 0.789 0.787

speed-up 1.0× 5.2× 14.0× 7.7× 8.9×

Table 4: Summary of the detection results. Recall is shown for FPPI fixed at 1.5.

slower, does not need to be used alone since 2reg provides higher recall.690

The results shown in Table 4 also provide clues regarding drifting, a691

problem that occurs in approaches that performs self-learning, such as the692

one proposed here. Even when three regression models are considered (3reg),693

the recall is similar to the results achieved by the generic detector (Orig),694

which indicates that drifting is not taking place. The main reason is that695

the samples used to learn the regression models need to be presented to696

the corresponding stage first (to obtain the response that will be used as697

dependent variable in the regression). This acts as a filtering step which698

prevents poor samples to be used to learn the regression models.699

Figure 13 compares the accuracy achieved by the proposed method to700

other state of the art pedestrian detection methods. For the comparisons,701

we have considered the three regression models (3reg). The results show702

that the proposed method achieves similar results compared to the original703
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PLS approach [1], as pointed out earlier and it is comparable to the methods704

proposed by Felzenszwalb et al. [47] and by Dollar et al. [28]. In general, the705

proposed method outperforms both techniques for higher FPPI values (e.g.,706

higher than 1.0). In addition, the proposed method achieves higher accuracy707

when compared to the work proposed by Ess et al. [2], which considers both708

detection and tracking information.709

Finally, regarding the computational time for the three sequences, the710

method proposed by Felzenszwalb et al. [47] achieved average of 3.06 seconds711

per frame, while the method proposed by Dollar et al. [28] achieved 0.35712

seconds per frame, compared to 5.52 seconds per frame achieved by the713

three regression model (3reg) setup for the proposed method. Even though714

the computational time is higher than the times obtained by the compared715

approaches, the proposed method achieves higher FPPI. In addition, when716

compared to the original PLS detector (method for which the optimization717

has been intended), the reduction on computational time without accuracy718

reduction is clear, as shown in Table 4.719

5. Conclusions720

We have proposed a set of data-driven regression models to estimate a721

generic detector response and person locations using efficiently computable722

features. When integrated to the PLS detector, significant speed-up was723

obtained. The online learning performed on specific scenes provided speed-724

up without degrading the detection accuracy.725

Even though the data-driven optimization process was demonstrated in726

an integration with a two-stage detector, it can be extended to be used in727
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Figure 13: Comparisons between the proposed method and other pedestrian detection

methods.

any number of stages. In addition, it also can be integrated with other728

optimization approaches, such as those based on boosted cascades, multiple729

resolutions, and GPUs, described in the related works. These integrations730

would provide higher speed-ups.731
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