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Dataset

Images downloaded from flickr
Collected January 2007 (some Christmas bias)
500,000 images downloaded and random subset 
selected for annotation

Annotation in one session with written guidelines
20 classes
Bounding box
Viewpoint: front, rear, left, right, unspecified
“Truncated” flag: Bounding box ≠ object extent
“Difficult” flag: Objects ignored in challenge



Examples

Aeroplane

Bus

Bicycle Bird Boat Bottle

Car Cat Chair Cow



Examples

Dining Table

Potted Plant

Dog Horse Motorbike Person

Sheep Sofa Train TV/Monitor



Dataset Statistics
testtrainvalvaltrain

12,0324,95212,6085,0116,3072,5106,3012,501Total
308229324256158128166128Tvmonitor
282259297261152134145127Train
239223248229124118124111Sofa
24297257961274813048Sheep
480224514245266112248133Pottedplant

4,5282,0074,6902,0082,3329832,3581,025Person
325222339245172125167120Motorbike
348274362287180148182139Horse
489418510421257218253203Dog
20619021520011210310397Diningtable
2441272591411237213669Cow
756417798445398221400224Chair
358322376337190174186163Cat

1,2017211,250713625337625376Car
2131742291861148911597Bus
469212505244252105253139Bottle
26317229018115010014081Boat
459282486330243150243180Bird
337239353243177127176116Bicycle
285204306238155126151112Aeroplane
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Classification Challenge

Predict whether at least one object of a given 
class is present in an image

Competition 1: Train on the supplied data
Which methods perform best given specified training 
data?

Competition 2: Train on any (non-test) data
How well do state-of-the-art methods perform on 
these problems?
No results submitted



Evaluation

Average Precision [TREC] averages precision over 
the entire range of recall

Curve interpolated to reduce influence of “outliers”
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Precision/Recall vs. ROC

VOC2006 used ROC for classification task
Why not continue using ROC?

Area under curve (AUC) on ROC appeared to have 
“saturated”

Many methods giving AUC >95%

Difficult to interpret ROC
Is AUC of 95% useful?

Why use precision/recall?
More intuitive for an “image retrieval” application
“Early” errors more visible on curve
AP empirically more sensitive and in general agreement with 
AUC in terms of ranking



Methods

“Bag of visual words and beyond”
Sparse vs. dense interest points
Multiple feature types/classifiers
Spatial/non-spatial histograms

Interest Operators
LoG, Harris-Laplacian
Color Harris
Edgels
Dense grids
Segmented regions



Methods: Bag of visual words and beyond

Features
SIFT
Color histogram
Pairs of adjacent edge segments (PAS)
Textons
“Wiccest”

Codebooks
K-Means
Random clustering forests
Soft per-image clustering (GMM)



Methods: Bag of visual words and beyond

Histograms
No spatial information
Spatial pyramid
Bigrams of neighbouring features on a grid

Feature Fusion
Concatenation of histograms
Voting of classifier per feature type
Linear SVM
Learnt kernel weighting feature type



Methods: Bag of visual words and beyond

Classifiers
SVM – chi-squared, Earth Mover’s Distance, learnt RBF
Randomized decision forest
Fisher kernel logistic regression
RankBoost

Other
“Semantic” features: sky, vegetation, etc.

No attempts at “classification by detection”



Results: AP by Method and Class

INRIA_Genetic is best for 19/20 classes, INRIA_Flat and 
XRCE close 2nd and 3rd

49.575.150.939.732.684.058.575.745.346.839.052.250.375.457.528.568.953.257.572.3XRCE

29.750.725.126.926.474.240.165.134.725.220.636.836.355.932.922.244.534.933.759.7UVA_WGT

43.567.431.831.229.780.453.471.533.942.324.946.841.964.844.918.860.743.549.766.3UVA_SFS

40.366.631.932.331.278.650.166.437.141.727.848.540.561.244.016.858.041.047.966.5UVA_MCIP

40.366.236.031.932.579.451.469.838.541.927.848.441.961.846.319.958.143.348.167.1UVA_FuseAll

30.049.923.520.914.574.642.461.630.631.417.239.931.354.637.616.545.029.433.261.2UVA_Bigrams

33.158.932.830.816.976.948.165.034.738.921.042.735.262.040.723.749.733.942.462.9Tsinghua

31.845.528.021.823.478.140.748.032.427.519.038.034.658.022.317.035.630.327.154.0ToshCam_svm

37.650.131.227.329.077.953.163.933.733.217.841.033.060.233.323.640.029.936.859.9ToshCam_rdf

41.071.139.230.131.782.260.272.641.546.332.351.751.270.149.927.363.448.551.771.4TKK

45.976.541.933.315.680.857.971.541.537.435.947.455.172.251.127.265.541.155.071.6QMUL_LSPCH

45.573.141.535.815.880.655.471.539.934.436.646.654.071.451.127.864.535.754.870.6QMUL_HSLS

26.226.713.312.410.062.013.330.123.714.312.327.431.445.014.26.417.221.320.948.6PRIPUVA

40.660.635.426.622.375.753.563.634.431.928.344.340.267.240.516.959.031.346.058.9MPI_BOW

53.279.250.644.736.385.964.077.545.854.942.653.558.878.060.633.171.956.163.677.5INRIA_Genetic

49.377.650.141.335.384.562.376.542.854.041.153.157.676.360.429.269.451.262.574.8INRIA_Flat

43.362.736.729.113.177.255.166.034.038.126.044.644.269.646.417.847.532.854.062.6INRIA_Larlus

tvtrainsofasheepplantpersmbikehorsedogtablecowchaircatcarbusbottleboatbirdbikeaero



Median AP by Method

Small differences between leading methods
Convincing improvement over best method in 2006?
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INRIA_Genetic (0.859)
INRIA_Flat (0.845)
XRCE (0.840)
TKK (0.822)
QMUL_LSPCH (0.808)
QMUL_HSLS (0.806)
UVA_SFS (0.804)
UVA_FuseAll (0.794)
UVA_MCIP (0.786)
ToshCam_svm (0.781)
ToshCam_rdf (0.779)
INRIA_Larlus (0.772)
Tsinghua (0.769)
MPI_BOW (0.757)
UVA_Bigrams (0.746)
UVA_WGT (0.742)
PRIPUVA (0.620)
(chance) (0.434)

Example Precision/Recall: Person 

All methods
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Top 5 results by AP

 

 
INRIA_Genetic (0.859)
INRIA_Flat (0.845)
XRCE (0.840)
TKK (0.822)
QMUL_LSPCH (0.808)

Example Precision/Recall: Person 

Top 5
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INRIA_Genetic (0.682)
INRIA_Flat (0.666)
XRCE (0.644)
UVA_SFS (0.572)
UVA_FuseAll (0.544)
UVA_MCIP (0.543)
Tsinghua (0.531)
UVA_WGT (0.491)
UVA_Bigrams (0.484)
(chance) (0.153)

Example Precision/Recall: Cat 

All methods
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INRIA_Genetic (0.682)
INRIA_Flat (0.666)
XRCE (0.644)
UVA_SFS (0.572)
UVA_FuseAll (0.544)

Example Precision/Recall: Cat 

Top 5
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INRIA_Genetic (0.331)
INRIA_Flat (0.292)
XRCE (0.285)
QMUL_HSLS (0.278)
TKK (0.273)
QMUL_LSPCH (0.272)
Tsinghua (0.237)
ToshCam_rdf (0.236)
UVA_WGT (0.222)
UVA_FuseAll (0.199)
UVA_SFS (0.188)
INRIA_Larlus (0.178)
ToshCam_svm (0.170)
MPI_BOW (0.169)
UVA_MCIP (0.168)
UVA_Bigrams (0.165)
PRIPUVA (0.064)
(chance) (0.044)

Example Precision/Recall: Bottle 

All methods
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INRIA_Genetic (0.331)
INRIA_Flat (0.292)
XRCE (0.285)
QMUL_HSLS (0.278)
TKK (0.273)

Example Precision/Recall: Bottle 

Top 5



AP by Class

Good results on “person” due to prior?
Classes indistinguishable by context prove difficult?
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Statistical Significance

Friedman/Nemenyi analysis of ranks

--2.0-2.6-3.6-4.3-5.8-6.0-7.2-7.9-8.7-8.8-10.9-11.5-11.5-14.0-14.8-15.9PRIPUVA

2.0--0.6-1.6-2.3-3.8-4.0-5.2-5.9-6.7-6.8-8.9-9.5-9.5-12.0-12.8-13.9UVA_Bigrams

2.60.6--1.1-1.8-3.2-3.4-4.7-5.3-6.2-6.3-8.4-8.9-9.0-11.4-12.2-13.4ToshCam_svm

3.61.61.1--0.7-2.2-2.4-3.6-4.3-5.1-5.2-7.3-7.9-7.9-10.4-11.2-12.3UVA_WGT

4.32.31.80.7--1.5-1.7-2.9-3.6-4.4-4.5-6.6-7.2-7.2-9.7-10.5-11.6ToshCam_rdf

5.83.83.22.21.5--0.2-1.5-2.1-3.0-3.1-5.2-5.7-5.8-8.2-9.0-10.2MPI_BOW

6.04.03.42.41.70.2--1.3-1.9-2.8-2.9-5.0-5.5-5.6-8.0-8.8-10.0Tsinghua

7.25.24.73.62.91.51.3--0.7-1.5-1.6-3.7-4.3-4.3-6.8-7.6-8.7INRIA_Larlus

7.95.95.34.33.62.11.90.7--0.9-1.0-3.1-3.6-3.7-6.1-6.9-8.1UVA_MCIP

8.76.76.25.14.43.02.81.50.9--0.1-2.2-2.8-2.8-5.3-6.1-7.2UVA_SFS

8.86.86.35.24.53.12.91.61.00.1--2.1-2.7-2.7-5.2-6.0-7.1UVA_FuseAll

10.98.98.47.36.65.25.03.73.12.22.1--0.6-0.6-3.1-3.9-5.0QMUL_HSLS

11.59.58.97.97.25.75.54.33.62.82.70.6--0.1-2.5-3.3-4.5QMUL_LSPCH

11.59.59.07.97.25.85.64.33.72.82.70.60.1--2.5-3.3-4.4TKK

14.012.011.410.49.78.28.06.86.15.35.23.12.52.5--0.8-2.0XRCE

14.812.812.211.210.59.08.87.66.96.16.03.93.33.30.8--1.2INRIA_Flat

15.913.913.412.311.610.210.08.78.17.27.15.04.54.42.01.2-INRIA_Genetic
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Ranked Images: Car

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

Intuitive Confusion?



Ranked Images: Cat

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

Composition?



Ranked Images: Bicycle

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

“Structured” Texture?



Ranked Images: Aeroplane

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

Context?



Ranked Images: Cow

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

Context?



Ranked Images: Chair

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

Indoor scenes?



Ranked Images: Person

Class images:
Highest ranked

Class images:
Lowest ranked

Non-class images:
Highest ranked

People on motorbikes?



AP vs. Object Class Area

Do these methods have a bias toward larger 
objects?
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Moderate evidence for several classes – car, cat, motorbike
Performance drops off due to increasing chance of occlusion?



AP vs. Object Class Area

For most classes, correlation with object class area 
is zero or negative

0 5 10 15 20 25

30

40

50

60

70

80

min area (%)

A
P

 (%
)

train

 

 
INRIA_Genetic
INRIA_Flat
QMUL_LSPCH
XRCE
QMUL_HSLS
TKK
UVA_SFS
UVA_MCIP
UVA_FuseAll
INRIA_Larlus
MPI_BOW
Tsinghua
UVA_WGT
ToshCam_rdf
UVA_Bigrams
ToshCam_svm
PRIPUVA

0 5 10 15 20 25

25

30

35

40

45

50

55

60

65

70

75

min area (%)

A
P

 (%
)

aeroplane

 

 
INRIA_Genetic
INRIA_Flat
XRCE
QMUL_LSPCH
TKK
QMUL_HSLS
UVA_FuseAll
UVA_MCIP
UVA_SFS
Tsinghua
INRIA_Larlus
UVA_Bigrams
ToshCam_rdf
UVA_WGT
MPI_BOW
ToshCam_svm
PRIPUVA

Methods are learning more about context/scene 
appearance than object appearance?
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VOC2006 vs. VOC2007 Test Data

High correlation between results on 2007 and 
2006 test data
Some evidence of “over-fitting” – no method 
equalled results when trained on 2006 data


