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• Homework 4 due today 
• Homework 5 will be posted later today 

• Recognition: classify images into cats vs. dogs 
!

!

!

!

• DLS speaker:

Administrivia
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• Applications of object detection  
• Approach and challenges 
• Building an object detector 

• Multi-scale detection (Dalal & Triggs) 
- Detection as template matching 
- HOG feature pyramid 
- Non-maximum suppression 

• Training a detector — classifiers, hard negative mining 
• Evaluating a detector — some detection benchmarks 

• Part-based models — poselets

Lecture outline
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Applications of detection
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image credit : sony.co.in

auto-focus based on faces pedestrian collision warning

http://www.mobileye.com

http://www.mobileye.com


Consumer application: Apple iPhoto
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http://www.apple.com/ilife/iphoto/

http://www.apple.com/ilife/iphoto/


Can be trained to recognize pets!

Consumer application: Apple iPhoto
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http://www.maclife.com/article/news/iphotos_faces_recognizes_cats

http://www.maclife.com/article/news/iphotos_faces_recognizes_cats


Things iPhoto thinks are faces

Consumer application: Apple iPhoto
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http://www.flickr.com/groups/977532@N24/pool/


Detection = repeated classification
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Detection

face or not?



• Sliding window detector must evaluate tens of thousands of 
location/scale combinations.  

• Objects are rare 
• For example, there are on average 0–10 faces per image 

• A megapixel image has ~106 pixels and a comparable number of 
candidate face locations 

• For computational efficiency, we should try to spend as little time as 
possible on the non-face windows 

• To avoid having a false positive in every image, our false positive rate 
has to be less than 10-6

Challenges of object detection
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• Applications of object detection  
• Challenges 
• Building an object detector (Dalal & Triggs) 

• Detection as template matching 
- HOG feature pyramid 
- Non-maximum suppression 

• Learning a template — linear SVMs, hard negative mining 
• Evaluating a detector — some detection benchmarks 

• Part-based models — poselets

Lecture outline
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• Consider matching with image patches 
• What could go wrong?

Detection as template matching
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template

image
match quality	



e.g., cross correlation



• Any transformation of an image into a new representation 
• Example: transform an image into a binary edge map

What is a feature map?
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Image source: wikipedia



• Introduce invariance 
• Bias, gain, nonlinear transformations 
• Small deformations 

!

!

!

!

!

• Preserve larger scale spatial structure

Feature map goals

13
Image: [Fergus05]



• Introduce invariance 
• Bias / gain / nonlinear transformations 

- bias: gradients / gain: local normalization 
- nonlinearity: clamping magnitude, orientations 

• Small deformations 
- spatial subsampling 
- local “bag” models 

!

• References 
• “Histograms of oriented gradients for human detection.” N. Dalal and 

B. Triggs, CVPR 2005. 
• “Finding people in images and videos.” N. Dalal, Ph.D. Thesis, 

Institut National Polytechnique de Grenoble, 2006.
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Histograms of oriented gradients (HOG)



• Partition image into blocks at multiple scales and compute 
histogram of gradient orientations in each block

Histograms of oriented gradients (HOG)
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N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR 2005

10x10	
  cells

20x20	
  cells

Image credit: N. Snavely

http://lear.inrialpes.fr/pubs/2005/DT05


• Partition image into blocks at multiple scales and compute 
histogram of gradient orientations in each block

Histograms of oriented gradients (HOG)

16Image credit: N. Snavely

N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR 2005

http://lear.inrialpes.fr/pubs/2005/DT05


• Compute the HOG feature map for the image 
• Convolve the template with the feature map to get score 
• Find peaks of the response map (non-max suppression) 
• What about multi-scale?

Template matching with HOG
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TemplateHOG feature map Detector response map



• Compute HOG of the whole image at multiple resolutions 

• Score each sub-windows of the feature pyramid

(a) (b) (c) (d) (e) (f) (g)
Figure 6. Our HOG detectors cue mainly on silhouette contours (especially the head, shoulders and feet). The most active blocks are
centred on the image background just outside the contour. (a) The average gradient image over the training examples. (b) Each “pixel”
shows the maximum positive SVM weight in the block centred on the pixel. (c) Likewise for the negative SVM weights. (d) A test image.
(e) It’s computed R-HOG descriptor. (f,g) The R-HOG descriptor weighted by respectively the positive and the negative SVM weights.

would help to improve the detection results in more general
situations.
Acknowledgments. This work was supported by the Euro-
pean Union research projects ACEMEDIA and PASCAL. We
thanks Cordelia Schmid for many useful comments. SVM-
Light [10] provided reliable training of large-scale SVM’s.

References
[1] S. Belongie, J. Malik, and J. Puzicha. Matching shapes. The
8th ICCV, Vancouver, Canada, pages 454–461, 2001.

[2] V. de Poortere, J. Cant, B. Van den Bosch, J. de
Prins, F. Fransens, and L. Van Gool. Efficient pedes-
trian detection: a test case for svm based categorization.
Workshop on Cognitive Vision, 2002. Available online:
http://www.vision.ethz.ch/cogvis02/.

[3] P. Felzenszwalb and D. Huttenlocher. Efficient matching of
pictorial structures. CVPR, Hilton Head Island, South Car-
olina, USA, pages 66–75, 2000.

[4] W. T. Freeman and M. Roth. Orientation histograms for
hand gesture recognition. Intl. Workshop on Automatic Face-
and Gesture- Recognition, IEEE Computer Society, Zurich,
Switzerland, pages 296–301, June 1995.

[5] W. T. Freeman, K. Tanaka, J. Ohta, and K. Kyuma. Com-
puter vision for computer games. 2nd International Confer-
ence on Automatic Face and Gesture Recognition, Killington,
VT, USA, pages 100–105, October 1996.

[6] D. M. Gavrila. The visual analysis of human movement: A
survey. CVIU, 73(1):82–98, 1999.

[7] D. M. Gavrila, J. Giebel, and S. Munder. Vision-based pedes-
trian detection: the protector+ system. Proc. of the IEEE In-
telligent Vehicles Symposium, Parma, Italy, 2004.

[8] D. M. Gavrila and V. Philomin. Real-time object detection for
smart vehicles. CVPR, Fort Collins, Colorado, USA, pages
87–93, 1999.

[9] S. Ioffe and D. A. Forsyth. Probabilistic methods for finding
people. IJCV, 43(1):45–68, 2001.

[10] T. Joachims. Making large-scale svm learning practical. In
B. Schlkopf, C. Burges, and A. Smola, editors, Advances in
Kernel Methods - Support Vector Learning. The MIT Press,
Cambridge, MA, USA, 1999.

[11] Y. Ke and R. Sukthankar. Pca-sift: A more distinctive rep-
resentation for local image descriptors. CVPR, Washington,
DC, USA, pages 66–75, 2004.

[12] D. G. Lowe. Distinctive image features from scale-invariant
keypoints. IJCV, 60(2):91–110, 2004.

[13] R. K. McConnell. Method of and apparatus for pattern recog-
nition, January 1986. U.S. Patent No. 4,567,610.

[14] K. Mikolajczyk and C. Schmid. A performance evaluation of
local descriptors. PAMI, 2004. Accepted.

[15] K. Mikolajczyk and C. Schmid. Scale and affine invariant
interest point detectors. IJCV, 60(1):63–86, 2004.

[16] K. Mikolajczyk, C. Schmid, and A. Zisserman. Human detec-
tion based on a probabilistic assembly of robust part detectors.
The 8th ECCV, Prague, Czech Republic, volume I, pages 69–
81, 2004.

[17] A. Mohan, C. Papageorgiou, and T. Poggio. Example-based
object detection in images by components. PAMI, 23(4):349–
361, April 2001.

[18] C. Papageorgiou and T. Poggio. A trainable system for object
detection. IJCV, 38(1):15–33, 2000.

[19] R. Ronfard, C. Schmid, and B. Triggs. Learning to parse pic-
tures of people. The 7th ECCV, Copenhagen, Denmark, vol-
ume IV, pages 700–714, 2002.

[20] Henry Schneiderman and Takeo Kanade. Object detection
using the statistics of parts. IJCV, 56(3):151–177, 2004.

[21] Eric L. Schwartz. Spatial mapping in the primate sensory pro-
jection: analytic structure and relevance to perception. Bio-
logical Cybernetics, 25(4):181–194, 1977.

[22] P. Viola, M. J. Jones, and D. Snow. Detecting pedestrians
using patterns of motion and appearance. The 9th ICCV, Nice,
France, volume 1, pages 734–741, 2003.

Image  pyramid HOG  feature  pyramid

p
( , ) = w · �( , )

Multi-scale template matching



Example pedestrian detections
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Introduction

Detect & localize upright people
in static images

Challenges
Wide variety of articulated poses
Variable appearance/clothing
Complex backgrounds
Unconstrained illumination
Occlusions, different scales

Applications
Pedestrian detection for smart cars
Film & media analysis
Visual surveillance

Histograms of Oriented Gradients for Human Detection – p. 2/13
[Dalal06]



• Applications of object detection  
• Challenges 
• Building an object detector (Dalal & Triggs) 

• Detection as template matching 
- HOG feature pyramid 
- Non-maximum suppression 

• Learning a template — linear SVMs, hard negative mining 
• Evaluating a detector — some detection benchmarks 

• Part-based models — poselets

Lecture outline
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Learning a template
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46 4 Histogram of Oriented Gradients Based Encoding of Images

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4.10. For the person class, the HOG classifiers cue mainly on silhouette contours, espe-
cially the head, shoulders and feet. More precisely the chosen cells are ones on the contour,
normalised using blocks centred on the image background just outside the contour. (a) The av-
erage gradient image over the training examples. (b) Each “pixel” shows the maximum positive
SVM weight in the block centred on the pixel. (c) Likewise for the negative SVM weights. (d)
A sketch portraying the most relevant blocks – those lying just outside the contour. (e) A test
image. (f) Its computed R-HOG descriptor. (g,h) The R-HOG descriptor weighted respectively
by the positive and negative SVM weights. Only the dominant orientation is shown for each
cell.

the key HOG parameters for several other object classes. We optimised all of the key parame-
ters for each object class in the Pascal5 Visual Object Challenge (VOC) 20066. This challenge tar-
gets image classification and localisation for 10 different classes: bicycle, bus, car, cat, cow, dog,
horse, motorbike, person and sheep. Table 4.2 summarises the main changes that occurred. The
overall conclusion is that most of the parameters are very similar to those for person class, and
those that do vary can be easily grouped and structured. This can help us by providing quick
first guess of the HOG parameters for any given new object class. The VOC object classes can be
broadly divided into two groups: natural objects such as horses, cows and sheep, and man made
objects such as cars, motorbikes and buses. We treat the person class as an exception and place
it in a separate category: even though people are natural objects whose articulations in result
in characteristics similar to the natural object category and their clothing results in appearance
features similar to the man made object category. We now comment on how performance varies

5 PASCAL (Pattern Analysis, Statistical Modelling and Computational Learning) is a European Commis-
sion funded Network of Excellence programme.

6 Details and results of the Pascal VOC 2006 challenge are available from http://www.
pascal-network.org/challenges/VOC/voc2006/index.html

Cropped	


positive HOG

[Dalal06]

Figure 2. Some sample images from our new human detection database. The subjects are always upright, but with some partial occlusions
and a wide range of variations in pose, appearance, clothing, illumination and background.

probabilities to be distinguished more easily. We will often
use miss rate at 10−4FPPW as a reference point for results.
This is arbitrary but no more so than, e.g. Area Under ROC.
In a multiscale detector it corresponds to a raw error rate of
about 0.8 false positives per 640×480 image tested. (The full
detector has an even lower false positive rate owing to non-
maximum suppression). Our DET curves are usually quite
shallow so even very small improvements in miss rate are
equivalent to large gains in FPPW at constant miss rate. For
example, for our default detector at 1e-4 FPPW, every 1%
absolute (9% relative) reduction in miss rate is equivalent to
reducing the FPPW at constant miss rate by a factor of 1.57.

5 Overview of Results
Before presenting our detailed implementation and per-

formance analysis, we compare the overall performance of
our final HOG detectors with that of some other existing
methods. Detectors based on rectangular (R-HOG) or cir-
cular log-polar (C-HOG) blocks and linear or kernel SVM
are compared with our implementations of the Haar wavelet,
PCA-SIFT, and shape context approaches. Briefly, these ap-
proaches are as follows:
Generalized Haar Wavelets. This is an extended set of ori-
ented Haar-like wavelets similar to (but better than) that used
in [17]. The features are rectified responses from 9×9 and
12×12 oriented 1st and 2nd derivative box filters at 45◦ inter-
vals and the corresponding 2nd derivative xy filter.
PCA-SIFT. These descriptors are based on projecting gradi-
ent images onto a basis learned from training images using
PCA [11]. Ke & Sukthankar found that they outperformed
SIFT for key point based matching, but this is controversial
[14]. Our implementation uses 16×16 blocks with the same
derivative scale, overlap, etc., settings as our HOG descrip-
tors. The PCA basis is calculated using positive training im-
ages.
Shape Contexts. The original Shape Contexts [1] used bi-
nary edge-presence voting into log-polar spaced bins, irre-
spective of edge orientation. We simulate this using our C-
HOG descriptor (see below) with just 1 orientation bin. 16
angular and 3 radial intervals with inner radius 2 pixels and
outer radius 8 pixels gave the best results. Both gradient-

strength and edge-presence based voting were tested, with
the edge threshold chosen automatically to maximize detec-
tion performance (the values selected were somewhat vari-
able, in the region of 20–50 graylevels).
Results. Fig. 3 shows the performance of the various detec-
tors on the MIT and INRIA data sets. The HOG-based de-
tectors greatly outperform the wavelet, PCA-SIFT and Shape
Context ones, giving near-perfect separation on the MIT test
set and at least an order of magnitude reduction in FPPW
on the INRIA one. Our Haar-like wavelets outperform MIT
wavelets because we also use 2nd order derivatives and con-
trast normalize the output vector. Fig. 3(a) also shows MIT’s
best parts based and monolithic detectors (the points are in-
terpolated from [17]), however beware that an exact compar-
ison is not possible as we do not know how the database in
[17] was divided into training and test parts and the nega-
tive images used are not available. The performances of the
final rectangular (R-HOG) and circular (C-HOG) detectors
are very similar, with C-HOG having the slight edge. Aug-
menting R-HOG with primitive bar detectors (oriented 2nd

derivatives – ‘R2-HOG’) doubles the feature dimension but
further improves the performance (by 2% at 10−4 FPPW).
Replacing the linear SVM with a Gaussian kernel one im-
proves performance by about 3% at 10−4 FPPW, at the cost
of much higher run times1. Using binary edge voting (EC-
HOG) instead of gradient magnitude weighted voting (C-
HOG) decreases performance by 5% at 10−4 FPPW, while
omitting orientation information decreases it by much more,
even if additional spatial or radial bins are added (by 33% at
10−4 FPPW, for both edges (E-ShapeC) and gradients (G-
ShapeC)). PCA-SIFT also performs poorly. One reason is
that, in comparison to [11], many more (80 of 512) principal
vectors have to be retained to capture the same proportion of
the variance. This may be because the spatial registration is
weaker when there is no keypoint detector.

6 Implementation and Performance Study
We now give details of our HOG implementations and

systematically study the effects of the various choices on de-
1We use the hard examples generated by linear R-HOG to train the ker-

nel R-HOG detector, as kernel R-HOG generates so few false positives that
its hard example set is too sparse to improve the generalization significantly.

Pos ={...                      ...}                         
Annotations

is this template good?



• Score high on pedestrians and low on background patches 
• Discriminative learning setting — lets use linear SVMs!

Learning a template
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pedestrians

background

boundary

Issue: too many background patches



Initial training
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Descriptor Cues

input image weighted
pos wts

weighted
neg wts

avg. grad outside in block

The most important cues
are head, shoulder, leg
silhouettes
Vertical gradients inside
the person count as
negative
Overlapping blocks those
just outside the contour
are the most important

Histograms of Oriented Gradients for Human Detection – p. 11/13

Neg = {...  random background patches  ...}                         

SVM

Test on cropped	


windows

Figure 2. Some sample images from our new human detection database. The subjects are always upright, but with some partial occlusions
and a wide range of variations in pose, appearance, clothing, illumination and background.

probabilities to be distinguished more easily. We will often
use miss rate at 10−4FPPW as a reference point for results.
This is arbitrary but no more so than, e.g. Area Under ROC.
In a multiscale detector it corresponds to a raw error rate of
about 0.8 false positives per 640×480 image tested. (The full
detector has an even lower false positive rate owing to non-
maximum suppression). Our DET curves are usually quite
shallow so even very small improvements in miss rate are
equivalent to large gains in FPPW at constant miss rate. For
example, for our default detector at 1e-4 FPPW, every 1%
absolute (9% relative) reduction in miss rate is equivalent to
reducing the FPPW at constant miss rate by a factor of 1.57.

5 Overview of Results
Before presenting our detailed implementation and per-

formance analysis, we compare the overall performance of
our final HOG detectors with that of some other existing
methods. Detectors based on rectangular (R-HOG) or cir-
cular log-polar (C-HOG) blocks and linear or kernel SVM
are compared with our implementations of the Haar wavelet,
PCA-SIFT, and shape context approaches. Briefly, these ap-
proaches are as follows:
Generalized Haar Wavelets. This is an extended set of ori-
ented Haar-like wavelets similar to (but better than) that used
in [17]. The features are rectified responses from 9×9 and
12×12 oriented 1st and 2nd derivative box filters at 45◦ inter-
vals and the corresponding 2nd derivative xy filter.
PCA-SIFT. These descriptors are based on projecting gradi-
ent images onto a basis learned from training images using
PCA [11]. Ke & Sukthankar found that they outperformed
SIFT for key point based matching, but this is controversial
[14]. Our implementation uses 16×16 blocks with the same
derivative scale, overlap, etc., settings as our HOG descrip-
tors. The PCA basis is calculated using positive training im-
ages.
Shape Contexts. The original Shape Contexts [1] used bi-
nary edge-presence voting into log-polar spaced bins, irre-
spective of edge orientation. We simulate this using our C-
HOG descriptor (see below) with just 1 orientation bin. 16
angular and 3 radial intervals with inner radius 2 pixels and
outer radius 8 pixels gave the best results. Both gradient-

strength and edge-presence based voting were tested, with
the edge threshold chosen automatically to maximize detec-
tion performance (the values selected were somewhat vari-
able, in the region of 20–50 graylevels).
Results. Fig. 3 shows the performance of the various detec-
tors on the MIT and INRIA data sets. The HOG-based de-
tectors greatly outperform the wavelet, PCA-SIFT and Shape
Context ones, giving near-perfect separation on the MIT test
set and at least an order of magnitude reduction in FPPW
on the INRIA one. Our Haar-like wavelets outperform MIT
wavelets because we also use 2nd order derivatives and con-
trast normalize the output vector. Fig. 3(a) also shows MIT’s
best parts based and monolithic detectors (the points are in-
terpolated from [17]), however beware that an exact compar-
ison is not possible as we do not know how the database in
[17] was divided into training and test parts and the nega-
tive images used are not available. The performances of the
final rectangular (R-HOG) and circular (C-HOG) detectors
are very similar, with C-HOG having the slight edge. Aug-
menting R-HOG with primitive bar detectors (oriented 2nd

derivatives – ‘R2-HOG’) doubles the feature dimension but
further improves the performance (by 2% at 10−4 FPPW).
Replacing the linear SVM with a Gaussian kernel one im-
proves performance by about 3% at 10−4 FPPW, at the cost
of much higher run times1. Using binary edge voting (EC-
HOG) instead of gradient magnitude weighted voting (C-
HOG) decreases performance by 5% at 10−4 FPPW, while
omitting orientation information decreases it by much more,
even if additional spatial or radial bins are added (by 33% at
10−4 FPPW, for both edges (E-ShapeC) and gradients (G-
ShapeC)). PCA-SIFT also performs poorly. One reason is
that, in comparison to [11], many more (80 of 512) principal
vectors have to be retained to capture the same proportion of
the variance. This may be because the spatial registration is
weaker when there is no keypoint detector.

6 Implementation and Performance Study
We now give details of our HOG implementations and

systematically study the effects of the various choices on de-
1We use the hard examples generated by linear R-HOG to train the ker-

nel R-HOG detector, as kernel R-HOG generates so few false positives that
its hard example set is too sparse to improve the generalization significantly.

Pos ={...                      ...}                         



Mining hard negatives
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SVM

Figure 2. Some sample images from our new human detection database. The subjects are always upright, but with some partial occlusions
and a wide range of variations in pose, appearance, clothing, illumination and background.

probabilities to be distinguished more easily. We will often
use miss rate at 10−4FPPW as a reference point for results.
This is arbitrary but no more so than, e.g. Area Under ROC.
In a multiscale detector it corresponds to a raw error rate of
about 0.8 false positives per 640×480 image tested. (The full
detector has an even lower false positive rate owing to non-
maximum suppression). Our DET curves are usually quite
shallow so even very small improvements in miss rate are
equivalent to large gains in FPPW at constant miss rate. For
example, for our default detector at 1e-4 FPPW, every 1%
absolute (9% relative) reduction in miss rate is equivalent to
reducing the FPPW at constant miss rate by a factor of 1.57.

5 Overview of Results
Before presenting our detailed implementation and per-

formance analysis, we compare the overall performance of
our final HOG detectors with that of some other existing
methods. Detectors based on rectangular (R-HOG) or cir-
cular log-polar (C-HOG) blocks and linear or kernel SVM
are compared with our implementations of the Haar wavelet,
PCA-SIFT, and shape context approaches. Briefly, these ap-
proaches are as follows:
Generalized Haar Wavelets. This is an extended set of ori-
ented Haar-like wavelets similar to (but better than) that used
in [17]. The features are rectified responses from 9×9 and
12×12 oriented 1st and 2nd derivative box filters at 45◦ inter-
vals and the corresponding 2nd derivative xy filter.
PCA-SIFT. These descriptors are based on projecting gradi-
ent images onto a basis learned from training images using
PCA [11]. Ke & Sukthankar found that they outperformed
SIFT for key point based matching, but this is controversial
[14]. Our implementation uses 16×16 blocks with the same
derivative scale, overlap, etc., settings as our HOG descrip-
tors. The PCA basis is calculated using positive training im-
ages.
Shape Contexts. The original Shape Contexts [1] used bi-
nary edge-presence voting into log-polar spaced bins, irre-
spective of edge orientation. We simulate this using our C-
HOG descriptor (see below) with just 1 orientation bin. 16
angular and 3 radial intervals with inner radius 2 pixels and
outer radius 8 pixels gave the best results. Both gradient-

strength and edge-presence based voting were tested, with
the edge threshold chosen automatically to maximize detec-
tion performance (the values selected were somewhat vari-
able, in the region of 20–50 graylevels).
Results. Fig. 3 shows the performance of the various detec-
tors on the MIT and INRIA data sets. The HOG-based de-
tectors greatly outperform the wavelet, PCA-SIFT and Shape
Context ones, giving near-perfect separation on the MIT test
set and at least an order of magnitude reduction in FPPW
on the INRIA one. Our Haar-like wavelets outperform MIT
wavelets because we also use 2nd order derivatives and con-
trast normalize the output vector. Fig. 3(a) also shows MIT’s
best parts based and monolithic detectors (the points are in-
terpolated from [17]), however beware that an exact compar-
ison is not possible as we do not know how the database in
[17] was divided into training and test parts and the nega-
tive images used are not available. The performances of the
final rectangular (R-HOG) and circular (C-HOG) detectors
are very similar, with C-HOG having the slight edge. Aug-
menting R-HOG with primitive bar detectors (oriented 2nd

derivatives – ‘R2-HOG’) doubles the feature dimension but
further improves the performance (by 2% at 10−4 FPPW).
Replacing the linear SVM with a Gaussian kernel one im-
proves performance by about 3% at 10−4 FPPW, at the cost
of much higher run times1. Using binary edge voting (EC-
HOG) instead of gradient magnitude weighted voting (C-
HOG) decreases performance by 5% at 10−4 FPPW, while
omitting orientation information decreases it by much more,
even if additional spatial or radial bins are added (by 33% at
10−4 FPPW, for both edges (E-ShapeC) and gradients (G-
ShapeC)). PCA-SIFT also performs poorly. One reason is
that, in comparison to [11], many more (80 of 512) principal
vectors have to be retained to capture the same proportion of
the variance. This may be because the spatial registration is
weaker when there is no keypoint detector.

6 Implementation and Performance Study
We now give details of our HOG implementations and

systematically study the effects of the various choices on de-
1We use the hard examples generated by linear R-HOG to train the ker-

nel R-HOG detector, as kernel R-HOG generates so few false positives that
its hard example set is too sparse to improve the generalization significantly.

Pos ={...                      ...}                         



• Applications of object detection  
• Challenges 
• Building an object detector (Dalal & Triggs) 

• Detection as template matching 
- HOG feature pyramid 
- Non-maximum suppression 

• Learning a template — linear SVMs, hard negative mining 
• Evaluating a detector — some detection benchmarks 

• Part-based models — poselets

Lecture outline
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• N. Dalal and B. Triggs, CVPR 2005 
• One of the first realistic datasets 

• Wide variety of articulated poses 
• Variable appearance/clothing  
• Complex backgrounds  
• Unconstrained illumination  
• Occlusions, different scales

INRIA person dataset

26

http://pascal.inrialpes.fr/data/human/

http://pascal.inrialpes.fr/data/human/


• Assign each prediction to 
• true positive (TP)   or   false positive (FP) 

• Precision@k = #TP@k / (#TP@k + #FP@k) 
• Recall@k = #TP@k / #TotalPositives 

• Average Precision (AP)

Detection evaluation

27
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• AP = 0.75 with a linear SVM 
• Very good, right?

Pedestrian detection on INRIA dataset

28

3.5 Overview of Results 27
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Fig. 3.6. The performance of selected detectors on the INRIA static (left) and static+moving
(right) person data sets. For both of the data sets, the plots show the substantial overall gains
obtained by using HOG features rather than other state-of-the-art descriptors. (a) Compares
static HOG descriptors with other state of the art descriptors on INRIA static person data set.
(b) Compares combined the static and motion HOG, the static HOG and the wavelet detectors
on the combined INRIA static and moving person data set.

[2001] but also includes both 1st and 2nd-order derivative filters at 45� interval and the corre-
sponding 2nd derivative xy filter. It yields AP of 0.53. Shape contexts based on edges (E-ShapeC)
perform considerably worse with an AP of 0.25. However, Chapter 4 will show that generalised
shape contexts [Mori and Malik 2003], which like standard shape contexts compute circular
blocks with cells shaped over a log-polar grid, but which use both image gradients and orienta-
tion histograms as in R-HOG, give similar performance. This highlights the fact that orientation
histograms are very effective at capturing the information needed for object recognition.

For the video sequences we compare our combined static and motion HOG, static HOG, and
Haar wavelet detectors. The detectors were trained and tested on training and test portions of
the combined INRIA static and moving person data set. Details on how the descriptors and the
data sets were combined are presented in Chapter 6. Figure 3.6(b) summarises the results. The
HOG-based detectors again significantly outperform the wavelet based one, but surprisingly
the combined static and motion HOG detector does not seem to offer a significant advantage
over the static HOG one: The static detector gives an AP of 0.553 compared to 0.527 for the
motion detector. These results are surprising and disappointing because Sect. 6.5.2, where we
used DET curves (c.f . Sect. B.1) for evaluations, shows that for exactly the same data set, the
individual window classifier for the motion detector gives significantly better performance than
the static HOG window classifier with false positive rates about one order of magnitude lower
than those for the static HOG classifier. We are not sure what is causing this anomaly and are
currently investigating it. It seems to be linked to the threshold used for truncating the scores
in the mean shift fusion stage (during non-maximum suppression) of the combined detector.



• Localize & name (detect) 20 basic-level object categories 
• Airplane, bicycle, bus, cat, car, dog, person, sheep, sofa, 

monitor, etc. 

!

!

!

!

• Run from 2005 - 2012 
• 11k training images with 500 to 8000 instances / category 
• Substantially more challenging images 
• Dalal and Triggs detector AP on ‘person’ category: 12%

PASCAL VOC Challenge

29

Input

person

motorbike

Desired output



PASCAL examples

30Image credits: PASCAL VOC



• Viewpoint

PASCAL examples

31

Image credits: PASCAL VOC



• Subcategory –– “airplane” images

PASCAL examples

32Image credits: PASCAL VOC



• Subcategory –– “car” images

PASCAL examples

33Image credits: PASCAL VOC



• A single template is not enough to explain the variability 
• “person” detection AP = 12% using a single template 

• Lets focus on the person category 
• viewpoint, articulation, clothing, etc cause wide appearance 

change. How can we model this? 
• Idea: lets try to detect parts and stitch them together 
• But what should the parts be?

Part-based models

34



Parts based on human anatomy
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it is hard to detect limbs

Fisher & Elchlager 73, Nevatia & Binford 77, 
Felzenszwalb et al. 05, Ren et al. 05, 
Andriluka et al. 09, Ferrari et al. 08, 

Ramanan 06

pictorial structures

“stick-figure models”

Can we leverage the success of 
face and pedestrian detectors?



Properties of good parts
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part 1

part 2

part 3

Parts should be useful beyond detection:  
pose, gender, clothing, age, action, hair-style, etc.



Properties of good parts
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part 1

part 2

part 3

It should be easy to detect the part from the image 
i.e., want discriminative parts such as faces



Properties of good parts
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part 1

part 2

part 3

It should be easy to predict the pose given the part 
i.e., want parts tightly clustered in pose space



Properties of good parts
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part 1

part 2

part 3

Want parts that are (1) visually discriminative 
and are (2) semantically meaningful



Examples of good parts

40

parts are often far visually, but they are close semantically 
We call such parts poselets  

Bourdev, Maji, Brox and Malik,  
Detecting people using mutually consistent poselet activations, ECCV 2010



How to find semantically similar patches?

41

Given a part of the 
human pose

How do we find a similar 
pose configuration in 
another image?



How to find semantically similar patches?
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We annotated the locations of various joints such as eyes, 
nose, shoulders and limbs for each training instances



How to find semantically similar patches?
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residual error



!
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• Given a source patch

Training poselet classifiers

44

0.15 0.20 0.10 0.85 0.15 0.35 
residual 
error

• Find the closest patch in every other instance
• Sort them by residual error
• Threshold the list
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• Given a source patch

Training poselet classifiers

45

• Find the closest patch in every other instance
• Sort them by residual error
• Threshold the list 
• Use these patches to train a standard Dalal & Triggs 

detector, i.e. HOG + linear SVMs with data mining

Pos ={...                           ...}                         



• Train a large number of poselets and select a subset 
• Generate thousands of random windows, generate poselet 

candidates using the earlier method and train detectors 
using HOG + linear SVMs (Dalal & Triggs)

Which poselets should we train? 

46

• Select a set of poselets that are 
• individually effective  
• complimentary



Selecting poselets for detection
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Poselets for person

48Bourdev et al. 10



• Example of a poselet

Person detection using poselets

49

• Estimate relative bounding box on the training set expected	


bounds



• Detect each poselet in an image 
• Vote for the person bounding 

box 
• Find non-overlapping clusters  
• Score each cluster using a 

weighted combination of poselet 
detection scores

Person detection using poselets

50

si =
X

p2Ci

wpap

person	


detection score weight of 	



each poselet
poselet	



detection score

Bourdev & Malik 09, Bourdev et al.10, Maji & Malik 10



PASCAL VOC detection challenge
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Method Detection AP

Poselets 48.5%

Dalal & Triggs 12.0%

“person” category VOC 2010 test set

http://www.cs.berkeley.edu/~lbourdev/poselets/

L. Bourdev, S. Maji, T. Brox, J. Malik 
Detecting people using mutually consistent poselet activations, ECCV 2010

poselet detector — same features, 100x templates

http://www.cs.berkeley.edu/~lbourdev/poselets/


Example detections
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Example detections
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Example detections
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Example detections
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Common 
Error 



Poselets for other categories
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• Detection as multi-scale template matching 
• However to model complex categories such a “person” we need 

many templates 

• Key challenges: 
• What features to use — HOG is a simple one, but not the most 

accurate (we are throwing away a lot of information). Current 
state of the art methods use complex features. 

• How to learn templates? 
- poselets used extra annotations, but these are expensive to collect 
- unsupervised methods — deformable part models, Felzenszwalb et al. 

• Efficiency is an issue — there are many tens of thousands of 
classifications per image

Conclusion

57



• There are many approaches for detection. Here are some 
seminal ones you can learn about 
• Viola and Jones face detector — still widely in use 
• HOG + linear SVM pedestrian detector — Dalal & Triggs 
• Deformable part-based models, Felzenszwalb et al. 
• Poselets and their applications — Bourdev et al.  

• Current state of the art — deep convolutional neural 
network features as a replacement of HOG

Further thoughts and readings …

58CNN filterbank (Krishevsky et al. 2010)


