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jvation: Results
> Motivation: Method 1: CNN Features
Crowds occur in a variety of situations (i.e.
concerts, political speeches, rallies, stadiums) and Extract
manually counting such dense crowds is a highly Features £10r8y Generate .
: using a Normalization Kemels Train SVM
tedious task. 4 21:
Pre-Trained of Features (x2, Linear)
CNN 1
> AppllcatlonS: Minimum AD: 1
. Crowd Management Fuse SIFT This method involves training a Support Vector Machine Ground Truth: 96 Estimated: 97
o Safet Features with from features extracted from a pre-trained convolutional
. Yy CNN Features neural network (CNN). An extension of this method involves
Surveillance RGB Image fusing the CNN features with SIFT features.
Patches
> Difficulties: " Network Structure:
ImageNet-vgg-VeryDeep-19 *  Weused the ImageNET-vgg-
¢ Occlusion verydeep-19 model [2] and the ) )T ]
*  Clutter S AlexNET model [3] as our pre-trained Minimum NAD: 0.2 % Maximum NAD: 79%
¢ Low Resolution g networks which are accessible Ground Truth: 1601 Estimated: 1604  Ground Truth: 440 Estimated: 786
* Foreshortening = thrf)ugh the 'MatConvNet toalhox. [4] These are the results for features from CNN + SIFT + Fisher Vectors.
* Irregular Arrangement *  This model is 19 layers deep.
= Extracted ° [ eatures are extracted from Relu 6, CVPR’13 Method Absolute Difference __Normalized Difference
. SVM Kernel Features Relu 7, and Fully Connected layers 6 SIFT + Textual Features 324.42 30.91
> Research Goals: S and 7. SIFT Features 366.22 32.54
1. Extract features from a pre-trained convolutional Five-fold Validation Setting : gg:s;g:&ngse?;eaﬁeiZfi;:zzlggr Method 1: CNN Features
neura_l network (CNN) and train a Support Vector the Relu lavers. ImageNET-VeryDeep-19 AlexNET
Machine afterwards v
. Layer AD NAD AD NAD
2. Extract dense SIFT features from images and Relu 6 291.85 28.57 324.41 29.37
encode Fisher Vectors using these features. Then, Relu 7 317.14 29.92 328.09 31.04
train another Support Vector Machine. . Convfc 6 308.49 25.49 336.55 29.75
3. Future Work: possibly explore more options to Method 2: Fisher Vectors Corvicy 220186 LD 237639 S0:00)
further improve the performance of the counting Ee:" 3 * s:g :G?'Si 2?'92 295':8 Z;'M
algorithm (i.e. horizontal line estimation). DEX"OCT . EMIZEES e I S03:25 £83
ense SIFT £, Normalization Ge_nerofe ' Convfc 6 + SIFT 281.48 23.86 361.05 31.22
e Sl e T SYM Convfc 7 +SIFT  286.54 24.59 362.26 31.20
Crowd Dataset: Codebooks Method 2: Fisher Vectors
’ Type Absolute Difference Normalized Difference
pidghion Dense SIFT 337.7 28.93
B e e . Root SIFT 337.25 29.52
4 F Fisher Linear Dense SIFT + CNN 286.60 25.46
Sates Vectors SVM
RGBINEGES Root SIFT + CNN 292.76 26.25
o Five-fold Validation Combined Results
Settin:
Generate Codebooks 9 Type Absolute Difference Normalized Difference
CNN + FV SIFT + SIFT 273.89 23.62
* Dense SIFT and Root SIFT features were extracted using vl_phow. [5]
* The Fisher Vectors were ¢, normalized before and after encoding. References:
s . . The number Of descriptors per image was set to 6000 "ldrees, Haroon, et al. "Multi-source multi-scale counting in extremely dense crowd images." Computer
CVPR’13 UCF Crowd Counting Dataset . " X Vi d Pattern R ion (CVPR), 2013 IEEE Conf . [EEE, 2013,
o * We used Gaussian Mixture Models to generate the codebooks with 256 clusters. 2'55&:;3", E;;:, aenfjo;g\:gfe"w(zsser)man. "Very dee‘;”ci’ﬁC§|iéL”na| networks for large-scale image
i - - o ition." arXi int arXiv:1409.1556 (2014).
Our'dataset ||_'1c|udes 50 pre: _annotated dense crowd * In a further approach, the Fisher Vectors were fused with CNN features before ;jc‘;"ﬂfgqm"‘g{ oo e Comolutonal archilosture for fast feature embed ding." Proceedings of the
images with counts ranging from 96 to 4633. training a linear SVM. ACM ional C on Multimedia. ACM, 2014,
4 Vedaldi, Andrea, and Karel Lenc. "MatConvNet-convolutional neural networks for MATLAB." arXiv
preprint arXiv:1412.4564 (2014).
5Vedaldi, Andrea, and Brian Fulkerson. "VLFeat: An open and portable library of computer vision
algorithms." i of the i i on i ia. ACM, 2010.
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