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Deep convolutional neural network (CNN) models are typically trained on high-resolution images. When we apply them directly to low-
resolution infrared images, for example, the performances will not always be satisfactory. This is due to CNN layers that operate in a local
neighborhood, which is already poor in information for infrared images. To overcome these weaknesses and increase information of global
nature, a hybrid architecture based on CNN with self-attention mechanism is proposed. This later provides information about the global
context by capturing the long-range interactions between the different parts of an image. In this paper, we have incorporated a con-
volutional–attentional form in the top layers of two pre-trained networks VGGNet and ResNet. The convolutional–attentional form is a
concatenation of two paths; the original convolutional feature maps of the pre-trained network, and the output of a relative multi-head
attentional block. Extensive experiments are conducted in the FLIR starter thermal dataset, where we achieve a 97:07% overall accuracy in
the four-class FLIR starter thermal dataset. Moreover, the proposed architectures exceed the state of the art in target recognition on two-
class FLIR starter thermal dataset with a 3:5% improvement in overall classification accuracy. In addition, a study on the effect of different
hyper-parameters and error analysis is carried out to give some research forward directions.
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1. Introduction

Convolutional neural networks (CNNs) have been used as a
powerful tool for several pattern recognition applications
such as classification, localization and detection [1–3]. Due
to the availability of large datasets and computing resour-
ces, a series of more and more powerful convolutional
architectures for vision tasks have been proposed: VGGNet
[4], ResNet [5], GoogLeNet [6], etc. All of these networks are
essentially based on convolutional layers. The design of the
latter imposes two crucial inductive biases, locality via a
limited reception field (the image’s adjacent pixels are re-
lated to each other) and translation equivariance via weight
sharing (the different parts of the image must be treated

similarly independently of their absolute position). So, CNNs
can preserve the spatial information i.e. the information re-
lated to the specific arrangement of the pixels is not lost.
However, these properties remain local in nature which
prevents the extraction of global contexts (GCs) in an image.

To overcome the above problem, the Vision Transformer
(ViT), a new paradigm based on the self-attention mecha-
nism, has been introduced to represent high-level concepts
in images. The self-attention introduced by [7] has become
the leader in natural language processing (NLP). It can
operate in a GC by directly capturing long-distance inter-
actions, and in a parallel way allowing the exploitation of
the strengths of modern hardware resources. Contrary to
convolution layers, the new value of a pixel depends on all
the other pixels in the image, meaning that the receptive
field is the whole image, and it is not a neighborhood grid.

CNN structure does not explicitly contain position infor-
mation, unlike self-attention which adds absolute position
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embeddings to the input. Absolute position embeddings do
not guarantee translation equivariance. This later can be
achieved by introducing relative position embeddings (RPE)
[8] instead of absolute position embeddings.

Instead of running a single attention model, it is
advantageous to repeat its calculations several times in
parallel with different parameters, each of them is called an
attention head [7]. A self-attentive layer with enough heads
and using relative position encodings can express any
convolutional filter [9].

Multiple works have proposed attention schemes for
visual tasks to address the limitations of convolutions
[10–13]. Researchers have addressed the use of self-atten-
tion in three ways. The first is to replace the convolutions
entirely by the attention mechanism [14–17]. These latter
models require large datasets for training to obtain good
performances [14]. The second view consists of models that
alternate between self-attention layers and convolution
layers [12,18–23]. The third way, which we have used in our
work, is based on the combination of CNNs and the atten-
tion mechanism.

In [24], the authors introduced Squeeze-and-Excitation
(SENets) block to enhance the representational power of
CNNs with dynamic channel-wise feature recalibration. A
GC block was designed in [25], it has a similar structure to
the ”Squeeze–Excitation block”. Hu et al. [26] presented a
pair of operators: gather and excite which perform a
channel-wise reweighting for more efficient exploitation of
the CNN context. Another attention blocks named ”Bottle-
neck Attention Module (BAM)” and ”Convolutional Block
Attention Module (CBAM)” were proposed in [27,28], re-
spectively. An attention map is generated along two distinct
paths, spatial and channel, in a parallel manner for BAM and
sequentially for CBAM. Bello et al. [29] proposed to aug-
ment convolutional feature maps with a set of feature maps
generated by the self-attention mechanism. Srinivas et al.
[30] replaced spatial convolutions in the last three bottle-
neck blocks of ResNet with self-attention mechanism.

The works mentioned above, related to the attention
mechanism, try to integrate attention in pre-trained models
to improve the classification performance in RGB images. In
our work, we focus on infrared (IR) images that have low
resolution. Models like VGGNet and ResNet are trained to
efficiently learn feature maps from high-resolution images,
which is not the case for thermal images. So, the objective is
to adapt these models for target recognition in low-reso-
lution images. The inferior layers of these CNN represent
simple and general aspects of images, while the superior
layers represent much more complex aspects of an image.
So, to improve and adapt these CNN on another type of
images (IR images in our case), we propose to modify the
superior layers. We take two well-known models, pre-
trained on large images (VGGNet and ResNet), and we

modify the last stage by incorporating the attention mech-
anism inside and making the necessary modifications. This
hybrid architecture allows to use inferior feature maps that
are well optimized for general features, both for convolu-
tions and self-attention; by entrusting convolutions for
spatial learning and self-attention for GC learning. These
adapted models improve the classification performances on
FLIR starter thermal dataset [31].

We can summarize the contribution offered by this paper
in the following points:

. We propose two hybrid architectures based on CNN and
self-attention mechanism for target recognition in IR
images. These architectures allow capturing both types of
information, local and global.

. We exceed the state of the art in target recognition on
two-class FLIR starter thermal dataset.

. We report the results of classification in four-class FLIR
starter thermal dataset, which will be the reference of
comparison for next research works. As far as we know,
there is no work for classification task on four-class FLIR
starter thermal dataset in the literature.

This paper is organized as follows. In Sec. 2, we explain the
background used for our approach, specifically the transfer
learning method and the attention mechanism. In Sec. 3, we
describe in detail the proposed augmented CNN models.
Then, Sec. 4 describes the conducted experiments and the
obtained results. Finally, the main findings of this work and
some forward perspectives are given in Sec. 5.

2. Background

Before we start describing our approach, we give some
backgrounds related to transfer learning and attention
mechanism.

2.1. Pre-trained CNN models

Transfer learning has been very successful with the rise of
deep learning. In fact, the CNN models used in this field
often require high-computation times and important
resources. However, by using the pre-existing models,
trained on a huge dataset, as a starting point, transfer
learning allows to quickly develop efficient models and to
efficiently solve complex problems in computer vision. In
this paper, we will cover two pre-trained models for image
classification that are widely used.

2.1.1. VGGNet

VGGNet is one of the most popular pre-trained models for
image classification. It was trained using over one million
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images from the ImageNet dataset [32]. It has a simple ar-
chitecture (Fig. 1, right), it utilizes small 3�3 convolutional
layers stacked on top of each other in increasing depth. The
volume is reduced by max pooling. The final components
are two fully connected layers, each with 4096 nodes, fol-
lowed by a softmax classifier. The best performing archi-
tectures of VGGNet were VGG19 with 19 weight layers and
VGG16 with 16 weight layers. We have conducted our
experiments on VGG16.

2.1.2. ResNet

The state-of-the-art CNN architecture requires going deeper
and deeper. Networks like VGGNet stacked many convolu-
tional layers. However, stacking layers on top of each other
is not enough to increase networks’ depth. Deep networks
are hard to train because of some difficulties like optimi-
zation of networks, vanishing gradient problems, etc.

The residual network (ResNet) tries to solve these pro-
blems. Its core idea is introducing an ”identity shortcut
connection” that skips one or more layers. In this paper,
ResNet50 (Fig. 1, left) network has been used. It had 50
layers of residual blocks.

ResNet50 is composed of four stages where each one
contains building blocks: one convolution block and identify
blocks. After all these blocks, there is a fully connected layer
responsible for the classification task.

2.2. Attention

Attention is a mechanism used to model long-distance in-
teraction, for example, across text in NLP [33]. It allows a
model to attend to different parts by building shortcuts
between a context vector and the input. This mechanism
can be divided into several families, one of them is self-
attention, which is the most popular type for computer vi-
sion tasks. Self-attention refers to attention applied to a
single sequence to calculate its representation instead of
multiple sequences.

2.2.1. Self-attention over images

We have performed the self-attention mechanism as it was
proposed in [7]. Let H;W ;Din be the height, width and
depth of the input tensor X. dh

v ; d
h
k refer to the depth of

values and the depth of queries and keys in single head
attention, respectively.

First, the input tensor X will be flattened to a matrix
X 0 2 RHW�Din . Then, X 0 will be passed to the self-attention
model with a single head h. The mechanism can be for-
mulated with the following equation:

Ah ¼ Softmax
QK T
ffiffiffiffiffiffi
dh
k

q
0
B@

1
CAV ; ð1Þ

where Q ¼ X 0Wq, K ¼ X 0Wk and V ¼ X 0Wv are queries, keys

and values, respectively. Wq;Wk 2 RDin�d h
k and Wv 2 RDin�d v

k

are the weight matrices that we will be learned.
To improve the performance of the self-attention model,

we often want to focus on several other positions when
traversing the input tensor. The multi-head attention (MHA)
mechanism allows us to have several subspace repre-
sentations.

Let Nh; dh; dk be the number of heads, the depth of values
and the depth of queries and keys, respectively, in MHA
with Nh divided dh and dk . From the input X 0 , we have three
different groups of matrices: queries fQigNh

i¼1, keys fKigNh
i¼1,

values fVigNh
i¼1. The attention for the head h is computed by

Eq. (1), using Qh, Kh, Vh, d
h
k ; d

k
v . The output of the MHA

mechanism can be formulated as follows:

MHAðXÞ ¼ ConcatðA1; . . . ;Ah; . . . ;ANh
ÞWa; ð2Þ

where Wa 2 Rdv�dv is the linear projection matrix. Finally,
MHAðXÞ is reshaped into a tensor of shape ðH;W ; dvÞ.

As currently framed, the attention mechanism does not
contain any encoding of position information of input ele-
ments. This makes it permutationally equivariant and
therefore limited efficiency for vision tasks. The original
publication [7] suggests the use of sinusoidal embeddings.
However, recent research [8] shows that the use of RPE

Fig. 1. The feature extraction stage; left: ResNet50; right: VGG16.
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allows obtaining much better accuracies. Next, we will give
the necessary details for these later embeddings.

2.2.2. Relative position embeddings

In this paper, we have used the attention with 2D RPE. The
relative position will be encoded as follows.

The attention between two pixels i ¼ ðix; iyÞ and j ¼
ðjx; jyÞ is computed as follows:

ai;j ¼
qT
iffiffiffiffiffiffi
dh
k

q kj þ rWjx�ix þ r Hjy�iy

� �
; ð3Þ

where qi is the ith row of Q, kj is the jth row of K and rWjx�ix

and rHjy�iy are the learned embedding for relative width jx �
ix and relative height jy � iy , respectively.

Now, for all input pixels, the two relative position ma-
trices along height and width denoted RH;RW 2 RHW�HW

are given by the following formulas RHði; jÞ ¼ qT
i r

H
jy�iy and

RWði; jÞ ¼ qT
i r

W
jx�ix .

According to Eqs. (1) and (3), the output of the attention
module for a single head will be calculated as follows:

Ah ¼ Softmax
QK T þ RH þ RWffiffiffiffiffiffi

dh
k

q
0
B@

1
CAV : ð4Þ

The heads of each layer share the same RPE RH and RW . The
overall architecture of attention and MHA mechanisms with
RPE is shown in Fig. 2.

3. Augmented CNN Models

As mentioned before, visual attention forms can be
divided into two types of attention: spatial and channel-
wise. Our approach is based on spatial attention. In this
section, the proposed convolution–attention block will be
explained. Then, we incorporate this stage in VGG16 and
ResNet50, which will be denoted AVGG16 and AResNet50,
respectively.

3.1. Convolutional–attentional form

Given as input an intermediate feature map X 2 RH�W�Din .
The operations will follow two separate paths. The first
path consists of N succeeding standard blocks of convolu-
tions. Let X 0 2 RH�W�Dout be the output of the last convo-
lution block. The MHA block constitutes the second path.
Let X 00 2 RH�W�dv be the output of the MHA block.

X 00 ¼ MHAðXÞ ¼ ConcatðA1; . . . ;Ah; . . . ;ANh
Þ; ð5Þ

with Ah is given by Eq. (4).

Fig. 2. Attention and MHA mechanisms with RPE.
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To get the final output feature map Y 2 RH�W�ðDoutþdvÞ,
we will combine X ; X 0 and X 00 using the following formulas:

For nonresidual networks

Y ¼ ConcatðX 0; X 00Þ: ð6Þ
For residual networks

Y ¼ ConcatðX þ X 0; X 00Þ: ð7Þ
The resulting augmented map Y is followed by batch nor-
malization [34] to scale the convolution feature maps and
the MHA feature maps. To define dv and dk , we note two
parameters � and �, where dv ¼ �Dout and dk ¼ �Dout.

3.2. Proposed architectures: AVGG16, AResNet50

We propose to expand VGG16 and ResNet50. As mentioned
before, the convolutional–attentional form is integrated in
the top layers. The details of the proposed hybrid archi-
tectures are given below.

3.2.1. AVGG16

VGG16 is composed of five stages. The last stage stacks
three blocks of ”3� 3 Conv, 512” and one block of max
pooling ”2� 2”. The MHA mechanism will be applied on the
output of stage 4, in parallel to the standard convolution in
stage 5. The outputs of MHA and stage 5 will be
concatenated along the spatial dimension (Eq. (6)). The
architecture of the proposed stage 5 for VGG16 is described
in Fig. 3.

3.2.2. AResNet50

ResNet50 is composed of four stages. Each stage is built
with residual blocks. The last stage contains three residual
blocks. As VGG16, we take an intermediate feature map
(stage 3 output), and process it through two parallel
paths: residual block and MHA block. We concatenate the
two paths outputs along the spatial dimension (Eq. (7)).

We perform the same procedure for the two other residual
blocks. The architecture of the proposed stage 4 for
ResNet50 is described in Fig. 4.

To respect the sizes when performing concatenation
and addition operations, we resort to: (1) in some cases
downsampling the self-attention outputs before concatenat-
ing them with the convolutional feature maps. The down-
sampling is done by applying a 3� 3 average pooling with a
step of 2. (2) Add a convolution block for ResNet50 (3� 3
Conv, 2048) between the residual blocks.

4. Experiments and Results

In this section, we will describe the experimented work and
the obtained results. First, FLIR starter thermal dataset will
be briefly described. Then, we will give the experimental
details for implementation. Next, experiments and results
are reported and discussed. Finally, our results will beFig. 3. The proposed stage 5 for VGG16; B.N: Batch Normalization.

Fig. 4. The proposed stage4 for ResNet50; B.N: Batch Normalization.
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compared with the state of the art for target recognition in
FLIR dataset.

4.1. FLIR dataset

FLIR starter thermal dataset is a multi-spectral dataset re-
leased by the thermal camera manufacturer FLIR. It con-
sisted of 10,288 RGB/IR annotated frames, distributed over
four classes: people, bicycles, cars and dogs. FLIR is used for
training and validation of detection algorithms. Our work is
for the classification task. For this, we have created a clas-
sification dataset, which consists of the four classes. This
dataset (hereby referred ‘four-class FLIR’) comprises more
than 79,000 images (Table 1).

To compare with the state of the art, we have created a
dataset as described in [35] (hereby referred ‘two-class
FLIR’), which consists of two classes: vehicles and people.
Figure 5 gives example images from the FLIR dataset.

4.2. Implementation

All models are initialized with ”ImageNet weights” and fine-
tuned for 300 epochs. We perform data augmentation with
several variations, including random horizontal flipping,
rescaling in ½0; 1�, random rotation, width and height
shift, brightness shift, shear intensity and random zoom.

Optimization is performed with a mini-batch size of 32
using: SGD with momentum 0:9, 1e�4 learning rate and
1e�5 learning rate decay for VGGNet (Adam with 1e�4
learning rate and 1e�5 learning rate for ResNet). When
testing, the images are rescaled in ½0; 1�. All images are
resized to 60� 60 pixels.

4.3. Experiments

As mentioned above, the experiments were conducted with
two basic CNNs: VGG16 and ResNet50. We specify that for
all architectures used in this work, we have used the net-
work top shown in Fig. 6.

First of all, we have evaluated the Vision Transformer
(ViT) [14] on the two variants of FLIR dataset (two and four
classes). Second, we test standard VGG16 and ResNet50
architectures. Then, we evaluate the approach proposed in
[29]. We augment VGG16 by augmenting the three blocks
“3� 3 Conv, 512” in the stage 5 (named AAVGG16). We
augment ResNet50 by augmenting the “3� 3 Conv, 512”
blocks of each residual block in the stage 4 (named AAR-
esNet50). Finally, the two proposed architectures (AVGG16,
AResNet50) are evaluated.

All attention networks use Nh ¼ 8, � ¼ 0:125,
� ¼ 0:125. The impact of the parameters Nh; �; � will be
discussed below. Table 2 shows the experimental results
which the mean and the standard deviation of the accuracy
averaged over three runs are reported.

As expected, we obtained poor performance using the
ViT, which is due to the problem of overfitting caused by the
lack of training data in IR images-based recognition pro-
blems. The main issue with ViT is the need to pre-train on
large datasets. Although our dataset contains 60 k images
which is a small size dataset.

In all experiments, the proposed architectures (AResNet50,
AVGG16) increase performance over the nonaugmented

Table 1. Number of training
and test samples using the FLIR
dataset.

Class Training Test

People 22,372 5779
Vehicle 41,260 5432
Bicycle 3986 471
Dog 226 14

Fig. 5. Few example images of FLIR dataset.

Fig. 6. Network top for classification.
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baseline models (ResNet50, VGG16) and notably outperform
the augmented models (AAResNet50, AAVGG16). We also
observe that convolutional–attentional form brings an im-
provement in performance for nonresidual networks. As
expected, the performance of residual networks is better than
nonresidual ones.

Our AResNet50 and AVGG16 offer a competitive accu-
racy in ”four-class FLIR” with 97:07%. Considering the issue
that an evaluation based on accuracy for ”four-class FLIR” is
not very significant (since the number of examples for the
four classes is unbalanced), we use precision, recall and F1
score metrics. Figures 7 and 8 show precision, recall and F1
score values and the confusion matrix for AResNet50 on
four-class FLIR.

For easier comparison, we want to calculate an overall
F1 score. We can use the weighted-average method. The
weighted F1 score will be equal to 97:00%.

The classification performance of people and car classes
was satisfactory. Values superior to 0.96, for the recall and
precision of the ”people” and ”car” classes indicate that the
images belonging to the ”people” and ”car” classes are
correctly classified. However, a confusion was observed in

the ”bicycle” class, where many examples are misclassified
as ”car” or ”people” samples, leading to low values of pre-
cision and recall for the class ”bicycle”. The worst perfor-
mance is seen in the case of the ”dog” class which can be
explained by the reduced number of samples. This result
can be improved by training the model with a larger num-
ber of samples containing representative images.

To understand more the confusion between the different
classes, we have visualized some misclassified test samples,
as shown in Fig. 9. The first and the second rows show some
bicycle samples confused with people and car, respectively.
As shown in the last two lines, we can obviously see that it
is difficult to classify some samples correctly, even by the
human eye. These examples are completely unrecognizable
or blurred due to low-image resolution or noise. Therefore,
the exclusion of these unrecognizable examples may be a
reasonable strategy to improve the performance of our al-
gorithm because it is not meaningful to require an algo-
rithm to correctly classify unrecognizable examples.

The pre-trained VGG and ResNet models’ performance
confirms the successful transfer learning, i.e. the quality of
the inferior layers’ features. In addition, the architectures of
[29] have been performing as well as the fully convolutional
models (VGG16, ResNet50). So, we can infer that the in-
corporation of attentional forms in the superior CNN layers,
clearly improves the performance, especially when the
feature maps of the lower layers are well trained. Indeed,
the last layers of a deep network generally have a global
receptive field, so the global embeddings are more directly
accessible through the attention mechanism compared to
classical CNN which always focus on local and spatial con-
text. Therefore, the use of this global information mainly in
the top layers has a significant influence on the models’
performances.

Fig. 7. Precision, recall and F1 score values obtained for AResNet50 on “four-class FLIR”.

Table 2. Image classification performance of different attention
networks on FLIR dataset (two classes and four classes).

Architecture Acc (two classes) Acc (four classes)

ViT [14] 87:63%� 0:05 83:81%� 0:06
VGG16 [4] 97:36%� 0:06 95:98%� 0:10
AAVGG16 [29] 97:91%� 0:06 96:40%� 0:06
AVGG16 (Our) 98:10%� 0:03 96:71%� 0:07
ResNet50 [5] 97:88%� 0:04 96:21%� 0:08
AAResNet50 [29] 98:00%� 0:04 96:60%� 0:06
AResNet50 (Our) 98:33%� 0:03 97:07%� 0:06
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Effect of hyper-parameters Nh;®;¯

Using MHA instead of single head attention allows each
attention module to focus only on one set of features, which
gives additional encoding power. We can predict that in-
creasing the heads number improves features quality.
However, a large number of heads means more memory
consumption. Therefore, we test our models in two-class
FLIR for a reduced number of heads to see how they affect
classification performance.

The performance of augmented models (AVGG16, ARe-
sNet50) also depends on the ratio of attentional channels.
This ratio is controlled by � and �. We search � and � in
0:125; 0:25; 0:5;1f g, 0:125; 0:25f g, respectively. Figure 10

shows the performance of the augmented models by vary-
ing � and �.

Figure 10 clearly shows that the model performs better
with � ¼ 0:125 and � ¼ 0:125 for all numbers of heads. It
can be seen that the lowest performances are obtained for
Nh ¼ 1, this is explained by the fact that an additional head
allows the model to expect more information and encodes
multiple relationships between the features. However, in-
creasing the number of heads does not necessarily mean a
performance improvement. These are related to the three
parameters Nh; �; �. Therefore, to get the best performance,
we have to look for the optimal triplet (Nh; �; �).

Michel et al. [36] confirmed this conclusion through
several experiments. They have shown that in some cases a
high number of heads are not necessarily better than a
single head. They found that it is possible to remove a large
percentage of heads at test time because they are redun-
dant. Their absence does not affect the performance and in
some cases even increases it.

The performance of AResNet50 degrades slightly as �
and � increase. This may be due to the downsampling ap-
plied after the first MHA block (Fig. 4).

Effect of relative position encodings

We additionally perform experiments to see the efficiency of
position encodings. Two scenarios are considered: (1) None,
i.e. the position encodings are removed. (2) RPE. Table 3
presents the obtained comparison results.

As expected, experiments demonstrate that position
embeddings provide improvement. There is a gap (2% in
average) between the performances of the model with no
position embeddings and models with position embeddings.
This is attributed to the position embeddings that allow to
take into consideration the distances between the features
in different locations, i.e. an efficient association of the
objects’ information with the consideration of their positions.

Comparison with state of the art

We have compared our approach with the state of the art on
two-class FLIR dataset, in terms of classification perfor-
mance. Table 4 shows the comparison results for two-class
FLIR dataset.

The above results show that our model performs well
and is very efficient for target recognition in IR images. It
outperforms other works with a rate of 3:5%. For four-class
FLIR, no previous classification work is being carried out.

Fig. 8. Confusion matrix obtained for AResNet50 on “four-class
FLIR”.

Fig. 9. Some misclassified FLIR test samples using our approach.
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As mentioned before, we have achieved 97:07% overall
classification accuracy.

5. Conclusion

In this work, we have presented two hybrid architectures
AVGG16 and AResNet50 to improve the representational
power of deep networks in target recognition in IR images.

We have introduced a convolutional–attentional form in the
last stage of VGG16 and ResNet50. The attention mecha-
nism located at the top layers allows the proposed net-
works to capture more specific and global features.
Extensive experiments on FLIR starter thermal dataset have
shown that the proposed architectures have improved the
classification performance over standard models [4,5], ViT
[14] and augmented models [29].

We believe that improving CNN requires going deeper.
However, our results suggest that incorporating attentional
forms with CNN layers is preferable to simply make net-
works deeper, which supports our hypothesis that self-at-
tention captures long-range dependencies better than
stacking CNN layers. In future work, we want to integrate
the self-attention mechanism at lower levels to evaluate its
performance in the representation of general aspects.
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