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Abstract—This work proposes an innovative method to approach the PD problem, based on the combination of heterogeneous input channel features obtained with Convolutional Neural
Networks (CNNs). More specifically, a pre-trained CNN model
is fine-tuned for each single input channel (e.g. RGB or LUV)
and high level features are extracted from the penultimate layer
(right before the classification layer). Finally, a multichannel
input CNN model is trained (partially or fully) with these high
level features. During test, the full images are pre-processed with
the Aggregated Channels Features (ACF) detector in order to
generate pedestrian candidate windows (i.e., windows potentially
containing pedestrians). Next, these candidate windows are entered in the multichannel input CNN model, being effectively
classified as pedestrians or non pedestrians.
The developed method is competitive with other state of the
art approaches, when evaluated on the INRIA dataset, achieving
improvements over the baseline ACF method. Two experimental
setups were adopted, namely, the full INRIA dataset with higher
resolution and the partial INRIA dataset with lower resolution.
Furthermore, the devised methodology can be successfully
applied to the low resolution PD problem, and promisingly
extended to other areas by integrating information from several
inputs.
Index Terms—Pedestrian Detection, Convolutional Neural Networks, single input channel, CNN multichannel input model, high
level features

I.

T

I NTRODUCTION

HE ability to detect people is an important and challenging component of human-machine interaction. The
substantial advances observed in Pedestrian Detection (PD)
in the last few years, were motivated by its wide range of
applications, e.g. automotive safety, surveillance, robotics and
Advanced Driver Assistance Systems, to quote a few.
The PD main challenges are due to the high variability in the
pedestrian appearance and the similarities with other classes of
objects resembling pedestrians. The appearance of the pedestrians is influenced by the pose, clothing, lighting conditions,
backgrounds, scales and even by the atmospheric conditions.
Besides that, occlusions, background clutter, deformations,
viewpoint variations, low resolution and the resemblances
between pedestrians and other classes of objects are other
complexities inherent to this task (illustrated in Figure 1).
The Deep Learning (DL) framework, including Convolutional Neural Networks (CNN), have successfully been applied
to several vision tasks such as general object classification [1],
general object detection [2] and even PD [3], [4], [5]. As a
result, this framework can be utilized to further explore the
PD problem.

Fig. 1. Some examples of PD challenges: a) reflections of pedestrians in
windows; b) drawings of people; c) mannequins; d) a pedestrian sized poster;
e) a pedestrian traffic sign and crowd related occlusions; f) pedestrian traffic
lights and g) a gumball machine resembling a pedestrian. a), b), c) and d)
were adapted from [6], e) was obtained from [7], f) was obtained from [8]
and g) was obtained from the INRIA dataset [9].

I-A

Related Work

The PD problem has been studied for more than a decade,
with several datasets, benchmarks, evaluation metrics and over
40 methods being developed and established in the process.
However, these methodologies can be categorized into
three main families according to [10]: Decision Forests (DF)
(possibly using boosting techniques and the most common
approach), Deformable Part Models (DPM) variants and Deep
Networks (DN). Additionally, some works consider the combination of diverse families, such as [11], which integrates DPM
and DN to tackle the PD occlusion problem.
In general terms, most detectors contemplate three main
components: feature representation, classification schemes and
training methodology. The features can be obtained from different input channels, transformations or pre-processing (e.g.
HOG, RGB and LUV). Regarding the classifiers, it is possible
to differentiate between two main frameworks: monolithic and
part-based. While in the monolithic case the entire image is
taken into account to detect the pedestrians (DF family, e.g.
[9]), in the part-based case, deformation models and partial
detections contribute to determine the pedestrian existence
probability (DPM family, e.g. [12]). Training can be performed
with a linear (more frequently) or non linear Support Vector
Machine (SVM) (e.g. [9]), boosting, among more complex
methodologies.
Accordingly, the work of [13] intends to unify the framework of several PD methods (such as [14], [15], [16], [17]
and [18]), by proposing a detector’s model where a boosted
decision forest uses filtered low-level features.
In the last years, the improvement experienced in the PD
methodologies performance relied mainly on the use of better
features [10], as noticed when comparing the prominent benchmarks of Viola and Jones [19], HOG [9], Integral Channels
Features [14], Squares Channels Features [16] and Spatial
Pooling [20].

2

The sliding window based PD methodologies are the most
successful and commonly found in the literature, in contrast
to keypoints [21] or segmentation [22] based approaches.
Among the pioneers of PD sliding window methods is [23],
which resorted to the use of the Haar wavelet transform in
conjunction with SVMs to build an overcomplete dictionary
of features at multiple scales. This work was extended by [19],
which developed a faster technique (named Integral Images)
to compute the features, applied AdaBoost to sparsely extract
the most important visual attributes, and proposed a cascade
of classifiers to constrain the computational effort to the most
promising regions. Recently, these core principles are still
applied in most of the detectors (mainly in the DF and DPM
families, but also in combination with DN approaches), to
some degree or variation.
In [14], the Integral Images technique proposed in [19]
was applied to different image channels (namely, gradient
histograms, grayscale, RGB, HSV, LUV, and gradient magnitude), in order to extract features, which were subsequently
processed by a boosted classifier. This method was improved
in [15], by changing the features from local sums in image
channels to pixel lookups in aggregated channels (resulting in
the Aggregated Channels Features (ACF) method). Building
on the ACF framework [15], in [18] a methodology to locally
decorrelate the channel features was created.
The complementarity of different types of features has
been proven to yield improved results for the combinations:
motion and color self-similarity (CSS) [24], and optical flow
information, context information (i.e., interactions among two
people) and channel augmentation using a discrete cosine
transform [10].
The emergence of real time applications (e.g. surveillance
and robotics) demanded higher detection rates (measured in
frames per second(fps)), besides accuracy. As a result, new
methodologies were proposed (e.g. [25], [15]) to approximate
the feature computation at multiple scales, resulting in substantial runtime improvements with slight accuracy reductions.
For example, it is possible to achieve detection rates of
approximately 5 fps on 640x480 images [25], superior to 30
fps [15], from 35 to 65 fps (on 640x480 images) [26], 50
fps for monocular images (using GPU) and 135 fps for stereo
images (using CPU and GPU) [27].
In the scope of deformable part models, an unsupervised
method was devised in [28] to learn scale invariant part
constellations and, more recently, [12], [29] applied root filters,
part filters and the respective deformation models (named
star models) to images at multiple scales and positions. The
resulting star models were combined and a score was assigned
to each position and scale of the images.
The detection of pedestrians far away (i.e., at low and
medium resolutions) from the camera guarantees a safety
margin in automotive applications and allows to obtain adequate results in surveillance, without requiring expensive
equipment. However, the detection with low resolution images
is disappointing [30], making it an important and challenging
problem in PD. Consequently, to address this problem, the
work of [31] and [32] introduced improvements to the DPM
approach proposed in [12].

Further considerations in parts, shape, pose and articulation
representations are present in the literature. For example,
edgelet features [33], shapelet mid-level features [34], poselets
[35], and sketch tokens mid-level features [36]. Additionally,
[17] explores the prior knowledge of the up-right human body
shape, and [37], [20] uses spatially pooled low-level features
in conjunction with the optimization of the area under the
receiver operating characteristic curve only in the range of the
detector evaluation.
The Deep Learning (DL) framework (i.e., DN family) has
recently been applied to the PD problem. Particularly, techniques to address the occlusion problem comprise the modelling of: the visibility relationships [11], [38], the pedestrian
interactions [39] and the interaction among feature extraction,
deformation handling, occlusion handling and classification
[3]. The background clutter and the pedestrian intra-class
variability are tackled in [40] by using a model with a convolutional layer to capture lower level features, and Switchable
Restricted Boltzmann Machine based layers to obtain higher
level feature combinations and body salience maps.
The work of [4] initializes a CNN with the convolutional
sparse coding unsupervised learning methodology. Conversely,
[41] and [5] use CNNs pre-trained with the Imagenet dataset
[42].
Some methods (mainly in the DN family) might not comprise the entire sliding window detector architecture, lacking
the scanning of the image with detection windows at multiple
scales and the non maximal suppression. As a result, they
require the use of other methods to output candidate windows
(with potential pedestrians), in order to reduce the computational effort and lead to runtime speed ups. Accordingly, the
works published in [3], [43], [40] adopt this procedure by
applying a HOG, CSS and a linear SVM detector to generate
candidate images and only afterwards, entering this candidate
windows into the deep network. Additionally, [5] uses the ACF
detector [15], and the Squares Channel Features detector [16]
as the candidate windows selection methods.
Conversely, although applied to the object detection task,
[2] convolves a network with full images, being able to not
only classify but also locate objects, without requiring the use
of other methods to select candidate windows.
Although not being present in the PD Deep Learning
literature, the combination of multiple inputs is a promising
idea that has the potential to be successful in PD. In [44], the
learning settings: multimodal fusion, cross modality learning
and shared representation learning are used to learn audio and
video information. Furthermore, the work of [41] addresses
multiview mammogram analysis, by extracting features from
different mammogram views CNN models and combining
them in a joint CNN model. This methodology [41] leads
to significant improvements, which shows the relevance of
combining multiple input channels.
I-B

Proposed Methodology

The proposed methodology uses a combination of the
Aggregated Channel Features (ACF) [15] detector and Convolutional Neural Networks to perform the PD task.
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The ACF detector performs the tasks of a regular sliding window detector, by generating candidate windows (i.e.,
potentially containing pedestrians) and the associated scores.
Subsequently, these windows are entered in the CNN model
in order to refine the classification.
Besides the regular CNN use (single channel input), an
innovative method is implemented based on the combination
of features extracted from top level layers of CNN models
obtained with different inputs (multichannel combination).
Particularly, this method is applied to the challenging low
resolution PD problem.
II.
II-A

BACKGROUND

Introduction to CNNs

CNNs are variants of Neural Networks (NN), specially
designed to exploit structured input data with lattice-like
topology (e.g. sound, images and video) [45]. They have the
ability to handle high dimensional inputs, attain invariance
to slight changes and reduce the number of connections and
parameters, being more robust to overfitting.
More formally, a CNN consists in a multi-layer processing
architecture that can be regarded as a function f assigning input data, denoted by x0 ∈ RH0 ×W0 ×D0 (where the
subscript 0 denotes the raw input data before any layer
computation), to an output, denoted by ŷ ∈ {1, . . . , C}
(where C is the number of classes) [46], as follows:
f (x0 , w) = fL (. . . f2 (f1 (x0 , w1 , b1 ), w2 , b2 ) . . . , wL , bL ),
where w = [w, b] = [w1 , . . . , wL ] = [w1 , b1 , . . . , wL , bL ] represents the parameters, which include the weights (denoted by
w) and the biases (denoted by b).
Starting from the input x0 ∈ RH0 ×W0 ×D0 , the output of each network module is respectively denoted by
0
0
x1 , x2 , . . . , xL , where xl ∈ RHl ×Wl ×Dl , wl ∈ RHl ×Wl ×Dl ×Ql
Ql
and bl ∈ R , for an arbitrary module l (as shown in Figure
2) [46]. Hl , Wl , Dl denote the height, width and depth of the
feature map (respectively), Hl0 and Wl0 denote the height and
width of the weights (or filters), respectively, and Ql denotes
the number of weights (or filters) and biases.
The most common CNN modules are: (i) convolution layers,
(ii) fully connected layers, (iii) pooling layers (e.g. max or
average pooling), (iv) activation functions (e.g. hyperbolic
tangent, sigmoid function and rectified linear unit (ReLU)),
(v) different types of normalization (e.g. contrast normalization
or cross-channel normalization), (vi) classification layers (e.g.
softmax classification layer) and (vii) loss functions (which
are appended to the core architecture of the CNN in order to
train the network, e.g. cross entropy loss or hinge loss).
Convolutional layer: allows to explore the properties of
data with lattice-like topology in a computationally viable
manner, by employing the principles of parameter sharing,
feature reusability, local connectivity and equivariance to
translation.
The convolution of the input xk at module k, with the
weigths wk and bias bk is given by:
X
xk (j) =
xk−1 (i) ∗ wk (i, j) + bk (j),
(1)
i∈Ω(j)

where the output location is j, the input location is i, ∗ denotes
the convolution operation and Ω(j) represents the input region
addresses [41].
Fully connected layer: in this case, the neurons in adjacent
layers are fully connected, similarly to the case of NNs layers.
Pooling: reduces the dimensionality of the feature representations by collecting statistics about them, using pooling
functions, typically in non-overlapping input patches [47].
A common choice is the max pooling function given by:
xk (j) = max(xk−1 (j)) [46], [41].
Activation functions: enrich the network representational
power with non-linearity and are typically placed after the
convolutional layers (similar to the layers in the NN case)
[47]. A popular activation function is the Rectified Linear Unit
(ReLU), defined by xk (j) = max(0, xk−1 (j)) [46].
Normalization: comprises various methodologies, such as
local contrast normalization and cross-channel
normalization.
P
The latter is given by: yi = xi (κ + α t∈G(d) x2i )−β , where
G(t) ⊂ {1, . . . , D} represents a subset of the input channels,
for each output channel t [46].
Classification: assigns a class to the inputs, based on scores
or probabilities. In the context of CNNs, the most common
xk
choice is the softmax function given by yk = PTe ext , where
t=1
k = 1, . . . , T ; T represents the total number of classes and yk
denotes the probability of xk belonging to the class k, out of
all the possible T classes [46].
Loss function: is applied during the training process for
optimization purposes. A common choice is the softmax
logarithmic loss (also
PTknown as the cross entropy loss), given
by: y = −xc + log t=1 ext , where the ground truth class is
represented by xc and T is the total number of classes [46].
II-B

CNNs training and testing formulation

The process of training a CNN aims to learn the parameters [w1 , b1 , . . . , wL , bL ], given a set of training data
D = {(x0 , y)i }N
i=1 (N is the number of training data samples), in order to obtain a representative model, capable of
generalizing the information obtained during training, and
correctly classifying new unseen inputs during the test phase.
The superscript i was added to the previous x0 and y notation,
but will be suppressed if found unnecessary. Consequently,
the training problem can be cast as the following optimization
problem, arg min J, detailed as:
w

arg min
w,b

N
1 X
λ
l(f (xi0 ; w, b, y i ) + (kwk2 + kbk2 ),
N i=1
2

(2)

where l is a loss function 1 l : f (xi0 , w) → R, which
penalizes the errors associated with wrong class predictions
(i.e., a prediction f (xi0 ; w) is wrong if it is different from its
associated label y i , and correct otherwise) [46]. The squared
Euclidean norm of the weights and biases acts as a regularization penalty, in order to reduce their size and contribute to
mitigate overfitting. The parameter λ controls the relevance of
the regularization, when compared with the loss term [47].
1 The distinction between referring to the loss function or the network layer
should be clarified by the context.
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For training purposes, the loss function can be appended to
the end of the network (as depicted in Figure 2), by composing
it with the model of the CNN (i.e., f (x0 , w)), resulting in the
expanded CNN model, denoted by z = l ◦ f (x0 , w) [46].

Fig. 2. Diagram of the expanded CNN model (obtained from [46]).

The optimization problem described in Equation 2 can
be solved by using backpropagation with stochastic gradient
descent (SGD),or its variant mini-batch SGD with momentum,
since it typically processes substantial amounts of training data
[46].
Indeed, resorting to mini-batch SGD with momentum [48],
the weights (and similarly to the biases) of the objective
function J are updated according to:
mt+1 = µt mt + ηt

∂J
,
∂wt

(3a)

wt+1 = wt − mt+1 ,

(3b)

where µt ∈]0, 1] is the momentum value at the t-th iteration,
ηt is the learning rate at the t-th iteration, mt is the momentum
term at the t-h iteration and wt are the weights at the tth iteration [49], [48] (the module subscript was temporarily
replaced by the iteration subscript for simplicity reasons, since
the equations are valid for every layer). Other hyperparameters
to select are the number of epochs (one epoch corresponds to
a complete sweep across the training set) and the batch size
(the number of training examples used at a certain iteration
occurring in each epoch) [49], [48]. The parameters are initialized randomly or transferred from a learned representation
(as discussed in Subsection II-C). The hyperparameters can
be obtained through cross-validation or from reference values
and procedures [47].
The derivative of the regularization term is simple to calculate. However, to compute the partial derivative of the loss
function term of the objective function J with respect to the
parameters of an arbitrary layer l, it is necessary to perform a
forward pass in the expanded CNN model and apply the chain
rule in conjunction with backpropagation from the end of the
network to the beginning, as follows:
∂z
∂(vec wl )T

=

∂z
∂(vec xL )T

∂xL
∂(vec xL−1 )T

...

∂xl+1
∂(vec xl )T

∂xl
∂(vec wl )T

,

(4)

where the vec function reshapes its argument to a column
vector and the derivatives are computed at the working point,
set when the input was forwarded through the network [46].
The intermediate matrices involved in these calculations
lead to expensive and even unfeasible computations [46]. This
problem can be solved by recursively backpropagating the
derivate ∂(vec∂zxl )T from the current layer l, without computing
these matrices explicitly (as detailed in [46]).

In the test phase, the input to test is forwarded through
the previously trained original CNN model (without the loss
function), outputting a prediction, which is compared with the
corresponding label to determine the test error.
II-C Transfer Learning
In image trained CNNs, the features are organized according
to a hierarchy, with the lower level features being more general
and the high level features more class specific [47]. Therefore,
the features of CNNs trained with a certain base task dataset
(starting from random initialization), can be transferred to
another network devoted to a distinct task. Subsequently, this
network denoted as pre-trained, can be trained with another
dataset (the task specific dataset), in a process called finetuning [50], [47].
CNNs are able to learn rich feature representations from raw
inputs (such as image pixels). These features can be extracted
from the top-level layers of a (pre-trained and fine-tuned)
network and used to train a classifier. Images from the task
specific dataset can be forwarded through the same network,
followed by the extraction of features (from the same layer as
before) and testing on the previously trained classifier [51].
III. P ROPOSED METHODOLOGY
The proposed methodology uses each one of the several
input channels to fine-tune a pre-trained CNN model, and then
extracts high level features from the layer right before the
classifier. These high level features are combined (partially or
entirely) to train another CNN model (multichannel input CNN
model), which classifies the test candidate windows generated
by the ACF method.
III-A Datasets and Input channels
Two types of datasets are considered: the dataset containing
pedestrian images (which is the INRIA dataset [9]) and the
dataset used to pre-train the CNN model (a subset of the
Imagenet dataset [42], comprising 1000 object categories
with approximately 1,2 million training images, 50 thousand
validation images and 100 thousand test images, and whose
images range from birds to vehicles).
Assuming the following notation for the pedestrian dataset:
D = {m(i) , x(i) , y(i) }N
i=1 where m denotes an image, i.e., m : Ω → R with Ω denoting the image lattice; x are the input channels of m, where x =
{xRGB , xGM , xGx , xGy , xGs , xYUV , xLUV }. The above notation stands for different input channels obtained from m
as follows: RGB, Gradient Magnitude, Horizontal derivative
(along all 3 dimensions of the depth), Vertical derivative (along
all 3 dimensions of the depth), Grayscale, YUV and LUV,
respectively; y ∈ Y = {1, 2} denotes the class, that is, if
y = 1, m does not contain a pedestrian and if y = 2, m
contains a pedestrian; i indexes the ith image out of N , used
for training. All the input channels are three dimensional,
except for xGM and xGs which are two dimensional. Figure 3
illustrates the input channels used.
Similar notation is adopted to denote the Imagenet dataset
e = {(e
used to pre-train the CNN model: D
x)(n) , (e
y )(n) }n , with
e
x : Ω → R and ye ∈ Y = {1, . . . , 1000}.
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Fig. 3. Example images of the input channels: 1) RGB colorspace (xRGB );
2) gradient magnitude (xGM ); 3) horizontal derivative (xGx ); 4) vertical
derivative (xGy ); 5) grayscale (xGs ); 6) YUV colorspace (xY U V ); 7) LUV
colorspace (xLU V ).

III-B

Pre-trained CNN model

The publicly available model CNN-F [52], pre-trained with
e ) with parameters w
e =
Imagenet, and represented by f (e
x, w
e f c, w
e cl ], was used. Its architecture is depicted in Figure
[e
wcn , w
4 and contains a total of 8 layers: 5 being convolutional (ine cn ), 2 being
cluding non-linear sub-sampling and parameters w
e f c ) and the last 1 being a
fully connected (with parameters w
e cl ).
classification layer (also fully connected with parameters w
More specifically, the CNN input size is 224x224x3 and
the first convolutional layer comprises: 64 filters with a 11x11
receptive field, convolutional stride 4 and no zero spatial
padding, followed by local response normalization and maxpooling with a downsampling factor of 2 and zero padding
on the bottom and on the right. The second convolutional
layer contains: 256 filters with a 5x5 receptive field, convolutional stride 1 and two levels of zero spatial padding,
followed by local response normalization and max-pooling
with a downsampling factor of 2. The third, fourth and fifth
convolutional layers comprise: 256 filters with a 3x3 receptive
field, convolutional stride 1 and one level of zero spatial
padding. The remaining of the fifth layer contains max-pooling
with a downsampling factor of 2. The sixth and seventh layers
are fully connected with size 4096. The eight and last layer
is a softmax classifier of size 1000. All layers containing
parameters (except for the last one) have the Rectified Linear
Unit as the activation function.
III-C

1) for RGB color space, f (xRGB , wRGB ); 2) for Gradient
Magnitude, f (xGM , wGM ); 3) for the Horizontal derivative,
f (xGx , wGx ); 4) for the Vertical derivative, f (xGy , wGy );
5) for grayscale, f (xGs , wGs ); 6) for YUV color space,
f (xY U V , wY U V ); 7) for LUV color space, f (xLU V , wLU V ).
This process is illustrated in Figure 5 a).
For the two dimensional inputs, the image was replicated to
fill the third dimension. Before entering the CNN, all images
were resized to the size 224x224x3 using cubic interpolation.
Prior to these two operations, the mean of the training images
was computed and removed from all train,validation and test
images, as a normalization approach.

Fig. 4. Pre-trained model architecture (obtained from [48]).

III-D

CNN multichannel input combination model

To build the multichannel combination CNN model,
the features from the seventh layer (designated by
the L − 1th layer) of each of the seven single input
CNN models are extracted and combined among
themselves (entirely or partially). These features are
then utilized to train (by minimizing the logarithmic
loss function) a softmax classification layer (randomly
initialized using a Gaussian distribution with zero
mean and variance equal to 0,01), originating the
multichannel input combination CNN model represented by:
f (xRGB,L−1 , xGM,L−1 , xGx,L−1 , xGy,L−1 , xGs,L−1 , xY U V,L−1 , xLU V,L−1 ; wcl )

(similarly to the procedure in [41]) and depicted in Figure 5
b).

CNN single input model

To construct the CNN model for the target task of pedestrian
e cn and w
e f c , from the pre-trained
detection, the parameters, w
model (from layers 1 to 7) were transferred to the pedestrian
detection task CNN model.
The architecture of the pedestrian detection task CNN
model is equal to the pre-trained model’s architecture, with
the exception of the last layer, which was replaced by a
new softmax classification layer (having parameters wcl and
randomly initialized using a Gaussian distribution with zero
mean and variance equal to 0,01), designed for two classes
(i.e., pedestrian and non pedestrian).
Each of the seven previously mentioned input channels was
used to fine-tune a CNN (with the logarithmic loss function), resulting in a total of seven single input CNN models:

Fig. 5. Scheme of the a) single input and b) multiple input combination CNN
models.

III-E

Overall detection methodology

The overall detection process comprises two parts, as shown
in Figure 6. The ACF detector [15] is applied to the test
images to generate pedestrian candidate windows (i.e., windows potentially containing pedestrians), outputted in the form
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of bounding boxes that surround each detected person, with
corresponding confidence scores.
Next, each of the candidate windows is extracted from
the full image and passed through the multiple input combination CNN model previously described, being classified as
pedestrian or non pedestrian. The candidate windows classified
as non pedestrians are discarded and the ones classified as
pedestrians maintain the bounding box and confidence score
obtained with the ACF detector. Then, the bounding box and
the confidence score are utilized to perform the per-image
evaluation of the overall detector (described in Subsection
IV-A of Section IV).

BBsgt . This constitutes an ambiguity that is solved by selecting the highest overlapping match (ties are solved by arbitrary
selection) [30]. False positives correspond to unmatched BBdt
and false negatives correspond to unmatched BBgt [30].
The detectors performance can be illustrated with a curve,
portraying the variation of the miss rate (MR) with the false
positives per image (FPPI), when the threshold established for
the detection confidence score is changed [30]. These curves
have logarithmic scales and are particularly useful for detector
benchmarking purposes [30]. In order to concisely express the
information contained in the MR against FPPI performance
curve, the log-average miss rate was introduced (henceforth,
referred to simply as miss rate) [30], which is the average of
nine miss rate values selected for nine FPPI rates belonging
to the interval [10−2 , 100 ] [30]. More specifically, each of
these FPPI rates corresponds to a equally distributed point
(in the logarithmic domain) for the mentioned interval [30].
In the special case where a certain miss rate value cannot be
computed for a certain FPPI rate, because the curve ended
before sweeping through the entire FPPI rates interval (i.e.,
[10−2 , 100 ]), it is replaced by the minimum miss rate obtained
[30].
IV-B

Fig. 6. Scheme of the overall detection methodology.

III-F

Implementation

The developed method was implemented in Matlab and
the MatConvNet Matlab toolbox [46] was used to implement
the CNN framework. The Piotr’s Computer Vision Matlab
Toolbox [53] (2014, version 3.40) was utilized for the ACF
detection, to assess the performance and for benchmarking.
IV.
IV-A

E XPERIMENTS

Performance evaluation methodology

The per-image evaluation metric was used to evaluate the
performance of the proposed method, since it was proved
to be more suitable than the per-window metric [30] and is
used for the most recent benchmarks in PD. In the selected
evaluation methodology, a detection window is slided on a
grid of locations throughout a full image and a bounding
box and a confidence score are outputted for each multiscale
detection, followed by non-maximal suppression (NMS) and
the application of the PASCAL measure [30], expressed as:
ao =

area(BBdt ∩ BBgt )
> 0, 5,
area(BBdt ∪ BBgt )

(5)

meaning that the overlapping area (ao ) among the two bounding boxes must be greater than 50% [30]. Only one match
between each BBdt and BBgt is allowed [30]. The first
matches occur between the detection bounding boxes (BBsdt )
having the highest confidence scores and the corresponding
ground truth bounding boxes (BBsgt ) (according to the PASCAL measure described previously) [30]. After the previous
matches, a single BBdt might have been matched to several

Experimental setup

The experiments were performed on the INRIA dataset [9].
Two main experimental setups were considered: one including
the entire INRIA training set with higher image resolution
and the second one using only a small portion of the INRIA
training set with lower image resolution. The test sets have the
same number of images, but different resolutions, i.e., higher
resolution for the higher resolution case and lower resolution
for the lower resolution case.
In the first experimental setup, designated by full INRIA
dataset, 17128 images were used for training (90%) and validation (10%). In this set of 17128 images, 12180 are negative
(i.e., without pedestrians) and the remaining 4948 images
include: 1237 positive images (i.e., containing pedestrians),
its horizontal flipping or mirroring (another 1237 images) and
random deformations applied to the previous 2474 images
(positive images and its horizontal flipping).The deformations
consist in performing cubic interpolation between randomly
chosen starting and end values for the width and height of the
image (obtained from a uniform distribution on the interval
]0, 15[), but preserving the original size. The size of the images
is 100 for the height and 41 for the width, for all input
channels, corresponding to the higher resolution images.
In the second experimental setup, designated by partial
INRIA dataset, 400 images were used for training (75%)
and validation (25%). In this set of 400 images, 300 are
negative and the remaining 100 images are positive, without
data augmentation (no horizontal flipping and no random
deformations), which were randomly chosen from the entire
set of positive images. The RGB images result from resizing
the ACF detections from 100x41x3 to 25x10x3. The gradient
magnitude and the gradient histogram result from the ACF
features computation applied to the 100x41x3 RGB images
and then shrinked by a factor of 4 (i.e., with size 25x10).
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The Felzenszwalb’s histogram of oriented gradients [12] was
applied to the 100x41x3 RGB images, having size 12x5x32
and was then reshaped to the size 32x20x3. These are the
lower resolution images.
The negative images (i.e., without pedestrians) result from
randomly extracting windows of size 100x41x3 from the
INRIA negative training images (i.e., 10 windows per negative
full image).
To obtain the positive images (for training and validation),
the ACF detector is applied to the INRIA positive training
dataset and the bounding boxes corresponding to the true
positives are selected. The original false negatives bounding
boxes are extracted as well. The true positives and the false
negatives constitute the total set of positive images.
The test set contains 1835 images which correspond to
candidate windows obtained by running the ACF detector in
the INRIA 288 positive full test images.
IV-C

Results

Training and testing were performed using the Matlab-based
MatConvNet toolbox [46] running on CPU mode (no GPU
was used) on 2,50 GHz Intel Core i7-4710 HQ with 12 GB of
RAM and 64 bit architecture. No cross validation technique
was used.
IV-C1 PD using the full INRIA dataset with 7 input channels: Each single input CNN model spent approximately 4,5
hours to train and 3 minutes to test. The training process only
concerns the fine-tuning of the entire network with the INRIA
[9] pedestrian dataset. The time spent pre-training the initial
CNN-F model [52] with a subset of the Imagenet [42] dataset
was not taken into account. In the multichannel combination
CNN model, the feature extraction per input channel took
approximately from 2 hours to 3 hours and the test time
was under 1 minute. However, estimating the runtime of the
entire method (in frames per second) requires the inclusion
of the feature extraction time, besides the classification time
(calculated previously for the test phase).
The optimization algorithm used for training (included in
the MatConvNet toolbox [46] ) was the mini-batch stochastic
gradient descent with momentum, having the following parameters: batch size equal to 100, number of epochs equal to
10, learning rate equal to 0,001 and momentum equal to 0,9.
Table I presents the results for the single input channels:
RGB color space (denoted by RGB), gradient magnitude
(denoted by GradMag), horizontal derivative across all RGB
channels (denoted by Gx), vertical derivative across all RGB
channels (denoted by Gy), grayscale (denoted by Grayscale),
YUV color space (denoted by YUV) and LUV color space
(denoted by LUV). The input channels with original size
100x41, which are the gradient magnitude and grayscale, are
replicated in order to achieve the size 100x41x3. The other
input channels having original size 100x41x3, do not undergo
this operation. Before entering the CNN, all inputs are resized
to the size 224x224x3 using cubic interpolation (since this is
the network expected input dimensions).
Table II depicts the performance when the following 4
input channels are combined: gradient magnitude (GradMag),

horizontal derivative (Gx), vertical derivative (Gy) and LUV
color space (LUV) (according to the methodology described
in Figure 5 of Section III). Table III shows the performance
for the combination of all the 7 input channels (according
to the methodology described in Figure 5 of Section III).
The combination of the inputs: gradient magnitude, horizontal
derivative and LUV color space provides the best result, which
is further improved by changing the training parameters, only
for the multichannel combination, as follows: the learning rate
was changed to 0,0001, the number of epochs was changed
to 80 and the batch size was changed to 2000, resulting in a
miss rate % of 14,64% (not shown in Tables II and III, but
presented in Figure 7).
The comparison of the results obtained with the developed
method for the combination of different input channels, using
the full INRIA dataset, are shown in Figure 8. In order to
perform a fair comparison with the best result, the training
parameters of each combination presented in Figure 8 were
changed to have the same values as the best method training
parameters in the multichannel combination.
The comparison of the developed method best result, which
occurs for the combination of the inputs (using the full INRIA
dataset): gradient magnitude (GradMag), horizontal derivative
(Gx) and LUV color space (LUV), with other PD benchmarks
is presented in Figure 7 (denoted by Multichannel CNN in the
box).
TABLE I
M ISS RATE % USING SINGLE CHANNELS AS INPUT AND WITHOUT
FEATURE COMBINATIONS FOR THE FULL INRIA DATASET.
Channel
RGB
GradMag
Gx
Gy
Grayscale
YUV
LUV

Miss Rate%
16,27
15,24
16,42
16,31
15,75
16,03
15,97

TABLE II
M ISS RATE % USING 4 FEATURES COMBINATIONS FOR THE FULL INRIA
DATASET ( THE ONES IN THE TABLE MEAN THAT THE FEATURE OF THAT
CHANNEL IS PRESENT IN THE COMBINATION AND THE ZEROS REPRESENT
ITS ABSENCE ).

GradMag
0
0
1
0
1
1
0
1
1
1
1

Gx
0
1
0
1
0
1
1
0
1
1
1

Gy
1
0
0
1
1
0
1
1
0
1
1

LUV
1
1
1
0
0
0
1
1
1
0
1

Miss Rate%
15,97
15,94
15,09
16,12
16,04
15,62
16,02
14,91
14,82
15,99
15,77

IV-C2 PD using the partial INRIA dataset with 4 input
channels: Each single input CNN model spent approximately
14 minutes to train and 1,5 minutes to test. The training
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TABLE III
M ISS RATE % USING 7 FEATURES COMBINATIONS FOR THE FULL INRIA
DATASET ( THE ONES IN THE TABLE MEAN THAT THE FEATURE OF THAT
CHANNEL IS PRESENT IN THE COMBINATION AND THE ZEROS REPRESENT
ITS ABSENCE ).

RGB
1
1
1
0
1
1
0
0
0
0
0
0
0
1
0

GradMag
1
1
1
0
1
0
1
1
1
1
1
1
0
1
1

Grayscale
1
0
0
1
0
1
0
0
1
0
0
0
0
0
1

Gx
1
1
1
1
1
0
1
1
1
1
0
1
1
1
1

Gy
1
0
1
1
1
1
0
1
1
1
1
0
0
0
0

YUV
1
0
0
1
1
1
0
0
0
1
0
0
0
0
0

LUV
1
1
1
1
1
1
1
1
1
1
1
0
1
0
1

Miss Rate%
16,70
16,55
16,70
15,95
16,00
16,75
14,82
15,77
15,92
15,89
14,91
15,62
15,94
16,46
16,22

training the initial CNN-F model [52] with a subset of the
Imagenet [42] dataset was not taken into account. In the
multichannel combination CNN model, the feature extraction
per input channel took approximately 10 minutes and the test
time was under 1 minute. However, estimating the runtime of
the entire method (in frames per second) requires the inclusion
of the feature extraction time, besides the classification time
(calculated previously for the test phase).
The optimization algorithm used for training was the minibatch stochastic gradient descent with momentum (included in
the MatConvNet toolbox [46]), having the following parameters: batch size equal to 10, number of epochs equal to 10,
learning rate equal to 0,001 and momentum equal to 0,9.
Table IV presents the results for the single input channels:
RGB color space with size 25x10x3 (denoted by RGB),
gradient magnitude with size 25x10 (denoted by GradMag),
gradient histogram in the orientation range from 150 degrees
to 180 degrees with size 25x10 (denoted by GradHist6) and
the reshaped Felzenszwalb’s histogram of oriented gradients
[12] with size 32x20x3 (denoted by FHOG). The performance
for the combination of these input channels is depicted in
Table V. For the two dimensional input channels, the image is
replicated in order to fill the third dimension. Before entering
the CNN, all inputs are resized to the size 224x224x3 using
cubic interpolation (since this is the network expected input
dimensions).
TABLE IV
M ISS RATE % USING SINGLE CHANNELS AS INPUT AND WITHOUT
FEATURE COMBINATIONS FOR THE PARTIAL INRIA DATASET.
Channel
RGB
GradMag
GradHist6
FHOG

Fig. 7. Comparison of the developed method best result, denoted by
Multichannel CNN, with other PD benchmarks for the full INRIA dataset.
The box contains the log-average miss rate % for each method.

Miss Rate%
21,05
24,23
21,83
22,34

TABLE V
M ISS RATE % USING 4 FEATURES COMBINATIONS FOR THE PARTIAL
INRIA DATASET ( THE ONES IN THE TABLE MEAN THAT THE FEATURE OF
THAT CHANNEL IS PRESENT IN THE COMBINATION AND THE ZEROS
REPRESENT ITS ABSENCE ).

Fig. 8. Comparison of the results obtained with the developed method for
the combination of different input channels for the full INRIA dataset. The
box contains the log-average miss rate % for each method

process only concerns the fine-tuning of the entire network
with the INRIA [9] pedestrian dataset. The time spent pre-

RGB
0
0
1
0
1
1
0
1
1
1
1

GradMag
0
1
0
1
0
1
1
0
1
1
1

GradHist6
1
0
0
1
1
0
1
1
0
1
1

FHOG
1
1
1
0
0
0
1
1
1
0
1

Miss Rate%
25,62
25,17
21,04
23,52
23,46
23,82
23,40
18,68
18,44
21,76
19,95

IV-C3 Discussion: By analyzing Table I, Table II and
Table III, it is possible to observe that the combination of
multiple input channels is advantageous and can lead to
improved results. In fact, the best result is 14,64 % miss rate
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and was obtained for the combination of GradMag, Gx and
LUV input channels (individually these channels have worst
performances, i.e., the miss rate of GradMag is 15,24%, the
miss rate of Gx is 16,42%, and the miss rate of LUV is
15,97%).
However, some combinations of the input channels lead
to miss rates that are worse than the ones of its individual
input channels alone. For example, the Gx miss rate (equal to
16,42%) is better than the 7 input channels combination miss
rate in Table III (equal to 16,70%), but worst than the 4 input
channels combination miss rate in Table II (equal to 15,77%).
Comparing the results from Tables I, II, III, IV and V, it
is relevant conjecturing that, when combining several input
channels, an higher performance improvement can be obtained
if each single channel has reduced quality (e.g. in terms of
resolution or dimensionality), whereas higher quality single
input channels seem to lead to less improvement when combined (although still existent). Concordantly, the multichannel
combination maximum improvement, in the lower resolution
single input channels case (shown in Tables IV and V, where
images have lower dimensions than in the Tables I, II and
III), is 5,79% (resulting from the difference between GradMag
miss rate% and RGB, GradMag, FHOG combination miss
rate%) and, in the higher resolution single input channels
case (shown in Tables I, II and III), is 1,78% (resulting
from the difference between Gx miss rate% and GradMag,
Gx and LUV combination miss rate%). Despite the resizing
to 224x224x3 underwent by all images before entering the
CNN, the scarce image resolution affects the resize operation
causing loss of image quality (from the higher resolution to the
lower resolution case, the height and width were reduced to
approximately one fourth of the initial size, except for the case
of FHOG, in which the height was reduced to approximately
one third and the width to one half of the initial RGB image
size, before being transformed into FHOG).
According to the previous information, the proposed PD
method is suited for the low resolution PD problem. However,
the low resolution images were only used in the CNN based
approach, since the ACF used high resolution images to
generate the candidate windows. In fact, the performance for
the CNN multichannel combination case cannot be compared
with the performance of the ACF method alone (i.e., the
baseline), because the image resolution was not reduced before
the generation of the candidate windows. Nevertheless, within
the scope of the CNN framework, it is still possible to
compare the performance of the single input channels with
the performance of the multiple input channels combinations
(as done previously).
The channels combination performance improvements do
not assume more significant proportions, possibly due to the
lack of heterogeneity among the channels. For instance, if the
input channels represented different views of the pedestrians,
more noticeable differences would be expected. As a result, a
better and more heterogeneous selection of the input channels
may enhance the performance of their combination. Indeed,
the combination of the RGB, GradMag, Gx and LUV input
channels produces a miss rate (equal to 16,55%) 1,91% worst
than the miss rate of the combination of GradMag, Gx and

LUV (equal to 14,64%), possibly due to the redundancy
existent between the colorspaces RGB and LUV.
Regarding the sensibility of the model, when the hyperparameter batch size increases, the performance tends to improve
in the single channel case (mainly when the training dataset
size is small), not showing significant differences in the
multichannel combination case. By increasing the number of
epochs over 10, there are no substantial changes in the performance (specially when the training dataset is large), since
the training and validation errors are not able to substantially
decrease more. Indeed, increasing the number of epochs has
no substantial effect in the multichannel combination case.
Another methodology could be used to obtain positive
images by cropping and resizing the INRIA positive dataset
(having dimensions 100x41x3). However, the results reached
with the adopted methodology (i.e., with ACF pre-processing)
are superior, by less than 1% (approximately), to the ones
obtained with the cropped and resized INRIA positive training
methodology (whose results are not detailed herein).
The selected experimental setups, namely, the full INRIA
dataset with higher resolution images and the partial INRIA
dataset with lower resolution images, intend to test two extreme cases. More data and higher resolution images, allow
the network to undergo better training, leading to the best
result (e.g. 14,64 % miss rate for the combination of the
inputs: GradMag, Gx and LUV). Conversely, when the images
have lower resolution and the amount of data utilized is
substantially more scarce, the training of the network is not as
good, leading to the worst situation regarding the resolution
and data quantity (e.g. 18,44 % miss rate for the combination
of the inputs: RGB, GradMag and FHOG).
The best result achieved with the developed method occurs
for the combination of the inputs (using the full INRIA
dataset): GradMag, Gx and LUV (as depicted in Figures 7 and
8). When compared with other PD benchmarks, as shown in
Figure 7, it is possible to conclude that the proposed approach
is competitive with the state of the art, and introduces an
improvement of 2,64% when compared with the ACF method
alone.
V. C ONCLUSIONS
An innovative PD methodology was proposed, based on
the Deep Learning framework. Specifically, a CNN model
pre-trained with Imagenet [42] was fine-tuned with several
transformations (e.g. LUV, gradient magnitude and the original
RGB) of the INRIA pedestrian dataset [9]. The final CNN multichannel input model was built by combining the penultimate
layer features of each input CNN model.
Two experimental setups were adopted, namely, the full
INRIA dataset with higher resolution and the partial INRIA
dataset with lower resolution. Particularly, the performed experiments motivate the application of this method to low
resolution PD. The experimental results obtained using the
full INRIA dataset are competitive with the PD state of the
art approaches. Moreover, when multiple input channels are
available, the developed method can be abstractly applied in
other areas beyond the scope of PD, to integrate information
from several inputs.
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Possible extensions consist in selecting more heterogeneous
input channels (such as pedestrian body parts, which can be
obtained with [35], or different views of the pedestrians),
deeper architectures for the pre-trained CNN models, a distinct
detector for the pedestrian candidate windows generation (e.g.
Square Channels Features or the Roerei detectors [16]) and integrating the multiscale sliding window task and the pedestrian
bounding box prediction task in the CNN (similarly to [2]),
avoiding the use of a detector to generate candidate windows.
Additionally, the low resolution results can be extended to
the entire detection system, by reducing the image resolution
before the application of the ACF method.
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