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Unbalanced Crowd Density Estimation Based on Convolutional Features
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(School of Information Engineering, Zhengzhou University, Zhengzhou 450001, China)
Abstract Crowd density estimation plays a central role in intelligent monitoring. Deep neural network usually outper-
forms conventional approaches based on manual features owing to its data-driven superiority. However, deep neural net-
works are still far from optimal solution because of the scarceness of large-scale datasets. To address this problem,this
paper investigated the feasibility of several solutions which are training shallow neural network from scratch, using fully
connected layer features of pretrained deep neural network and aggregating convolutional features by way of fisher
vector(FV). Aiming at the problem of unbalanced distribution, this paper further proposed several classification evalua-
tion criteria. Comprehensive experiments were carried out on benchmark PETs2009 dataset. Results show that convolu-
tional features outperform existing hand-crafted ones. Moreover, utilizing deep convolutional features based on transfer
learning usually leads to better performance than the models trained from scratch. Finally, simpler pretrained models

such as AlexNet can generalize better mobility of the lower layer features than more complicated ones such as VGGNet.
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Fig. 1 Flowchart of proposed method
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density estimation
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Fig. 3 Architecture of AlexNet model
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Fig. 5 [Illustration of various density levels
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Fig. 6 Region of interest for crowd density estimation

®3 BN EEFEROHA LR
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Table 4 Density estimation results of various methods in R,

region of interest

CHLT . %)

A B W E KE B EFE Fmeasure MCC
fe6 96.00 94.49 94.50  94.48  92.56

fe7 94.66 93.15 92.74  92.88  90.31

VGG19 relué 95.66 94.25 94.06  94.14  92.03
relu? 95.66 94.68 94.06  94.34  92.32

Convs_4+FV 97.04 95.38 95.47  95.32  93.47

fc6 97.00 95.90 96.05  95.91  94.51

fe7 96.66 94.68 96.05  95.23  93.90

VGG16 relué 97.33 96.13 96.49  96.26  95.03
relu? 96.66 94.68 96.05  95.23  93.90

Convs_3+FV 98.11 96.78 97.21  96.87  95.42

fc6 97.33 96.31 97.15  96.71  95.48

fe7 96.00 95.21 96.05  95.61  93.70

AlexNet relub 96.00 94.67 95.83  95.18  93.41
relu? 95.66 94.98 95.61  95.27  93.18

Conv5+FV  98.52 97.43 98.41  97.84  96.53

CNN 92.33 90.89 92.16  91.48  88.74
GLemb! - 72.33 55.11 57.95  51.87  43.25
LppL - 84.33 79.51 79.08  79.28  71.63
WAVELET! - 83.66 79.14 76.61  77.62  70.33

GLCM+LBPE! - 84.66 80.26 79.31  79.66  72.23
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Table 5 Density estimation results of various methods in R,

region of interest

CBL7 . 95)
A )= HmE KEE HEZE F-measure MCC
fc6 95.66 91.45 94.18  92.73  89.79
fe7 94.00 89.04 92.84 90. 74 86.51
VGG19 relué 95.66 91.45 94.18  92.73  89.79
relu? 92.00 86.13 89.66  87.81  81.89
Convs_4+FV 96.57 92.42 95.37  93.68  91.02
fc6 96.66 92.52 95.84  94.05  92.04
fe7 94.00 88.89 92.08  90.33  86.01
VGG16 relu6 97.00 93.10 95.99 94. 46 92.70
relu? 93.66 87.71 92.08  89.73  85.35
Convs_3+FV 97.48 93.51 96.92  95.41  93.17
fc6 97.33 94.24 96.71 95. 45 93.75
fe7 96.33 92.38 96.27  94.22  91.74
AlexNet relub 98.00 94.66 98.23  96.37  95.31
relu? 96.00 91.80 96.13 93.83 91.10
Convs+FV  99.12 95.79 99.31  97.54  96.48
CNN — 95.33 92.24 78.40  81.10  80.68
GLCME® — 84.33 74.89 69.22  70.25  57.69
LppL2 — 87.00 78.77 83.66  80.98  71.22
WAVELET! - 87.00 80.60 79.02  79.76  69.64
GLCM -+ LBPL! - 86.00 75.45 73.65  73.99  63.33
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