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Introduction 

• A practical pedestrian detection system(PDS) 
seeks for high detection accuracy and a low 
false positive rate and high detection speed 
simultaneously. 

• At present, classification has become a 
predominant technique for the PDS owing to 
its accuracy and speed compared with 
techniques based on image processing. 



• Most of the existing classification algorithms 
adopted in the PDS mainly concentrate on 
classification/detection accuracy and do not 
purposely optimize the detection/training 
speed. 

• In this paper, we focused on how to speed up 
detection without degrading accuracy. 
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Related Work 

• Feature per object (fpo), a criterion 
independent from execution, is adopted to 
measure the speed in addition to the fps. 

• Classification approaches based on a sliding 
window have been proven to outperform 
others and have become the predominant 
methods at present [48]. 

[48] X. Y. Wang, T. X. Han, and S. Yan, “A HOG-LBP human detector with partial occlusion handling,” in 
Proc. ICCV, 2009. 



• Although HOG [13] and HOG-like [33] features 
have achieved great success on pedestrian 
detection in recent years, they cannot be used 
in real-time onboard detection due to their 
high computational complexity. 

• The Adaboost-based approach has the fastest 
detection speed and comparable accuracy 
without the time constraint. 

[13] N. Dalal and B. Triggs, “Histograms of oriented gradients for human detection,” in Proc. CVPR, 
2005, pp. 886–893. 

[33] S. Maji, A. C. Berg, and J. Malik, “Classification using intersection kernel support vector machines 
is efficient,” in Proc. CVPR, 2008, pp. 1–8. 



• Single Classifiers 

– Some researchers aim to train a single classifier 
with both high accuracy and high speed. However, 
these two demands might conflict with each other 
and can hardly be satisfied simultaneously. 

– Most single-classifier-based detection techniques 
concentrate on how to improve detection 
accuracy. The common strategy is to adopt more 
and better features, but this will lead to a low 
speed. 



• Classifier Ensembles 

– Serial ensemble 
• The serial classifier ensemble uses a linear chain 

structure to arrange several single classifiers that are 
usually used in a cascaded way. 

• detection techniques based on serial-ensemble 
classification can get a higher detection speed and a 
lower detection rate comparatively. 

–Parallel ensemble 
• The parallel classifier ensemble arranges several single 

classifiers in a parallel way. 

• Although parallel-ensemble-based approaches might 
achieve higher accuracy, one serious drawback is that 
they usually consume much more time than single-
classifier-based techniques. 



• Classifier Ensembles 

–Mix ensemble 
• Combination of serial-ensemble and parallel ensemble 

classifiers might achieve more balanced and better 
overall performance. 

• in our previous work [49], a tree classifier was proposed, 
and higher detection accuracy was obtained, while the 
detection speed was almost the same as that of a 
serial-ensemble Adaboost classifier. 

[49] C. Wei, X. Cao, Y. Xu, H. Qiao, and F. Wang, “The treelike assembly classifier for 
pedestrian detection,” in Proc. PAISI, 2009, pp. 232–237. 
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Efficient Pedestrian Detection Approach 
Based On The Tree Classifier Ensemble 
• Brief Introduction of the Detection Procedure 

– It takes a fixed 32 × 16 (pixel × pixel) sliding window as the 
classification unit. 

– Intercept a single frame from the video flow, and set the 
initial value of the loop counter N to be 0. 

– Zoom the original frame with a predefined scale stride Z (0 
< Z < 1) in each round N 

– For each window region, a tree classifier ensemble is used 
to identify whether it contains a pedestrian by taking 
depth first searching. A window region is regarded as 
containing a pedestrian only when there is a positive path 
from the root to a leaf of the tree classifier. 

– If N <7, increase N by 1 and go to step 2; else end 
detection of the present frame, output the detection result, 
and go to step 1 until the detection is terminated. 



 



• Execution-Independent Speed Metric 

– The advantages of the proposed feature per 
object (fpo) metric can be concluded as follows. 

• Since fpo is independent from execution, the detection 
speed measured by fpo could be calculated and 
optimized directly and theoretically, whereas fps 
cannot. 

•  Fpo can be used as a supplementary speed evaluation 
criterion to fps. It can be used to evaluate and compare 
some linear classifier-based approaches based on the 
same feature type in order to eliminate the influence of 
execution. 



• Tree Classifier Ensemble 

– For an obvious 
nonpedestrian region, only a 
few single classifiers in top 
levels are used to reject it in 
order to get higher speed; 
for a pedestrian-like region, 
more single classifiers in 
more levels are used to 
increase the accuracy. 



• Performance Formulations and the Fpo 
Optimization Problem 

– When an L-level tree classifier is used to detect 
pedestrians in one frame, for a positive object, 

• vl = 2l−1 is the number of 
single classifiers in level l 

• Cl,k denotes the kth single 
classifier in the lth level 

• nl denotes the feature 
number of a single 
classifier in level l 

• fn denotes the probability 
of a positive sample 
being classified as false 
by at least one single 
classifier.  

• fp denotes the robability 
of a negative sample 
being classified as true. 



 

• μ is the upper bound of the FPR, ρ is the lower bound of the detection rate, and Nl is 
the maximum feature number of the single classifier in the lth level. 



• Solution to Obtain Key Parameters 

– there are only a few pedestrians in each frame in 
urban traffic. 

– For each single-classifier training, its false-negative 
rate is set to be a very small value in order to 
ensure that the tree classifier can get a high 
detection rate. 



• Solution to Obtain Key Parameters 

– Radial basis function (RBF) neural networks, which 
can perform efficient nonlinear fitting, are 
introduced to construct the mapping from n to fp. 

 

 

 

 

– The optimal n and L can guarantee the minimum 
fpo, which represents the highest detection speed. 



• Classifier Ensemble Training With Optimal 
Parameters 

– The single classifiers in the L-level tree are trained 
level by level, from root to leaf. In our experiments, 
a six-level full binary tree classifier ensemble is 
trained. 

– Each single classifier in level-l has nl features. 



• Classifier Ensemble Training With Optimal 
Parameters 
– Training samples of each single classifier are 

selected according to the following rules. 
• Positive samples: The positive samples of a parent node 

are equally divided into two sets. Each child node 
randomly chooses one as its positive training sample. 

• Negative samples: If a single classifier is the root node, 
its negative samples are randomly selected from the 
huge negative sample set; otherwise, its negative 
samples are chosen from the false-positive outputs of 
all its ancestor nodes. Both child nodes of a parent 
node share the same negative samples. 

– The training of a single classifier in level-l (1 ≤ l ≤ 6) 
terminates when its FPR reaches fp(1, 2, . . . , l), 
and its false-negative rate is not greater than 0.1%. 
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Experimental Result  
• All the experiments are carried out on an Intel 

1.6-GHz (dual core) computer with 1-GB 
DDRII667 RAM. The implementation is based on 
Visual C++ 6.0. For training the tree classifier 
ensemble, Haar-like features [47] and the 
Adaboost algorithm are adopted in the 
experiments. 

• Six thousand positive samples and more than 600 
000 negative samples are used to train the 
classifiers. 

[47] P. Viola, M. Jones, and D. Snow, “Detecting pedestrians using patterns of motion and 
appearance,” Int. J. Comput. Vis., vol. 63, no. 2, pp. 153–161, Jul. 2005. 



• RBF Fitting 



• Optimal Parameters 



• Classification Performance and Comparisons 

– AdaBoost [9], [44], [47] and SVM [12], [25], [42], [46], [51] 



[9] X. B. Cao, H. Qiao, and J. Keane, “A low-cost pedestrian-detection system with a single 
optical camera,” IEEE Trans. Intell. Transp. Syst., vol. 9, no. 1, pp. 58–67, Mar. 2008. 

[44] A. Shashua, Y. Gdalyahu, and G. Hayun, “Pedestrian detection for driving assistance 
systems: Single-frame classification,” in Proc. IEEE Intell. Veh. Symp., 2004, pp. 1–6. 

[47] P. Viola, M. Jones, and D. Snow, “Detecting pedestrians using patterns of motion and 
appearance,” Int. J. Comput. Vis., vol. 63, no. 2, pp. 153–161, Jul. 2005. 

[12] H. Cheng, N. Zheng, and J. Qin, “Pedestrian detection using sparse Gabor filter and 
support vector machine,” in Proc. IEEE Intell. Veh. Symp., Jun. 2005, pp. 583–587. 

[25] G. Grubb, A. Zelinsky, L. Nilsson, and M. Rilbe, “3D vision sensing for improved 
pedestrian safety,” in Proc. IEEE Intell. Veh. Symp., Jun. 2004, pp. 19–24. 

[42] S. Schauland and A. Kummert, “Implementation and optimization of wavelet and 
symmetry features for vision-based pedestrian detection,” in Proc. IASTED Int. Conf. 
Graph. Vis. Eng., 2007, pp. 19–24. 

[46] Q. Tian, H. Sun, Y. P. Luo, and D. C. Hu, “Nighttime pedestrian detection with a 
normal camera using SVM classifier,” in Proc. Int. Symp. Neural Netw., 2005, pp. 189–194. 

[51] F. Xu, X. Liu, and K. Fujimura, “Pedestrian detection and tracking with night vision,” 
IEEE Trans. Intell. Transp. Syst., vol. 6, no. 1, pp. 63–71, Mar. 2005. 
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Conclusion 
• The tree classifier ensemble is introduced to 

utilize the advantages of existing learning theory 
methods, which guarantees both high accuracy 
and speed for approaches based on simple 
features and classification algorithms. 

• Fpo is introduced as a supplementary metric to 
measure the DS independently. A practical 
solution based on RBF neural networks is 
adopted to solve the optimization problem 
quickly and accurately. 

• The optimal parameters can be obtained to 
instruct training a rapid and accurate tree 
classifier ensemble. 


