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Abstract: Infrared and visible images (multi-sensor or multi-band images) have many complementary
features which can effectively boost the performance of object detection. Recently, convolutional
neural networks (CNNs) have seen frequent use to perform object detection in multi-band images.
However, it is very difficult for CNNs to extract complementary features from infrared and visible
images. In order to solve this problem, a difference maximum loss function is proposed in this paper.
The loss function can guide the learning directions of two base CNNs and maximize the difference
between features from the two base CNNs, so as to extract complementary and diverse features.
In addition, we design a focused feature-enhancement module to make features in the shallow
convolutional layer more significant. In this way, the detection performance of small objects can be
effectively improved while not increasing the computational cost in the testing stage. Furthermore,
since the actual receptive field is usually much smaller than the theoretical receptive field, the deep
convolutional layer would not have sufficient semantic features for accurate detection of large objects.
To overcome this drawback, a cascaded semantic extension module is added to the deep layer.
Through simple multi-branch convolutional layers and dilated convolutions with different dilation
rates, the cascaded semantic extension module can effectively enlarge the actual receptive field and
increase the detection accuracy of large objects. We compare our detection network with five other
state-of-the-art infrared and visible image object detection networks. Qualitative and quantitative
experimental results prove the superiority of the proposed detection network.

Keywords: infrared and visible image object detection; convolutional neural network; difference
maximum loss function; focused feature enhancement module; cascaded semantic extension module

1. Introduction

Infrared sensors can perform target detection in almost all weather conditions, and
are not affected by night, occlusion, or fog. However, infrared images are usually lacking
detailed information of the scene and objects within it. By contrast, visible images contain
more detail features and are more convenient for visual perception. When it comes to
bad weather, night, or occlusion, visible sensors usually tend to lose interesting objects.
Combined infrared and visible image object detection (also known as multi-band/multi-
sensor image object detection) aims to fuse the advantages of both infrared and visible
images, producing more accurate object detection results for scene perception and intelli-
gent decision-making.

In recent years, the convolutional neural network (CNN) has become the most ef-
fective way to implement object detection for natural images [1–5]. Inspired by this,
more and more scholars have used CNNs to perform infrared and visible image object
detection [6–10], in which the infrared image and the visible image have the same reso-
lution and are already registered. Infrared and visible image object detection methods
based on CNNs generally include two stages: a feature extraction stage and an object
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detection stage. For the object detection in the natural image, only one base CNN (e.g.,
VGG16 [11], ResNet [12], DenseNet [13]) is used to extract convolutional features. Unlike
the detection in natural images, infrared and visible image object detection usually needs
two base CNNs to respectively extract infrared features and visible features. The extracted
features are then combined in one convolutional layer (usually the last layer), or multiple
convolutional layers. In the object detection stage, combined features are utilized to classify
and locate interesting objects. The combined features from only one convolutional layer
usually face difficulties in detecting multi-scale objects in various scenes. In contrast, the
combined features from multiple convolutional layers are more suitable for the detection
of multi-scale objects.

In feature extraction stage, since the inputs of the multi-band detection network
comprise two images (i.e., an infrared image and a visible image), two base CNNs are
added to the whole detection network. The two CNNs are usually designed to be the same
in many detection methods [8,9,14]. However, the features contained in the infrared image
and the visible image are complementary and quite different. It would be very difficult
for two identical CNNs to extract those diverse infrared and visible features. To solve
this problem, we design a difference maximum loss function to extract diverse features.
The designed loss function would punish similar features and reward different features
in order to maximize the diversity and complementarity of the infrared features and the
visible features in the extracted features.

In the object detection stage, the extracted features from multiple convolutional layers
are usually used to detect multi-scale objects [15,16]. The convolutional layers are usually
divided into two groups, that is, shallow layers and deep layers. The shallow layer is at
the front of the CNN and has a relatively high resolution, while the deep layer is at the
back of CNN and the resolution of the deep layer is relatively high. The features from
relatively shallow convolutional layers are responsible for the detection of small objects.
Large objects are recognized and located by features from deeper convolutional layers.
However, directly using features from shallow or deep layers to implement object detection
may result in some drawbacks.

For the detection of small objects, although the shallow detail features are used, these
features are still relatively rough and not significant for some small objects. In this case,
the shallow layers may not produce good detection results for these small objects. In
this paper, we design a focused feature enhancement module to strengthen the shallow
convolutional features of small objects, so as to make the detection of small objects easier.
The designed module is achieved via the supervised training of semantic segmentation.
The segmentation labels can be automatically generated on the basis of ground-truth
detection labels (bounding box). In addition, the focused feature enhancement module is
only added to the training stage, and not used in the testing stage. Hence, our designed
module can effectively improve the detection accuracy of small objects without increasing
the testing time.

On the other hand, large objects are usually detected and recognized by using the
features from deeper convolutional layers. This is because deeper layers have a larger
receptive field and thus contain more semantic and structural information, which is good
for the detection of large objects. However, according to practical experience, the actual
receptive field is usually smaller than the theoretical receptive field. In this case, convolu-
tional features from deeper layers would not completely cover some large objects, resulting
in the decrease of detection accuracy for large objects. In this paper, we propose a cascaded
semantic extension module to enlarge the receptive field, in order to improve the detection
performance for large objects. The proposed module utilizes multi-scale convolutional
kernels and dilated convolutions, and can easily be integrated into original convolutional
neural networks.

The rest of this paper is organized as follows. In Section 2, we describe the details of the
proposed infrared and visible image object detection algorithm. In Section 3, experimental
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results and comparisons are given to verify the superiority of the proposed detection
method. Some network analysis is given in Section 5. We conclude this paper in Section 6.

2. The Proposed Detection Network

Figure 1 shows the pipeline of the proposed infrared and visible image object detection
network. The proposed detection network adopts the architecture of the classical detection
method Faster R-CNN [1]. The two base networks (i.e., CNN1 and CNN2) both use the
architecture of feature pyramid network (FPN) [15] (as shown in Figure 2) to effectively uti-
lize multiple convolutional layers. The 50 convolutional layers in the ResNet-50 model [12]
are used for CNN1 and CNN2. The resolutions of the second stage, the third stage, the
fourth stage, the fifth stage are 1/4, 1/8, 1/16, and 1/32, respectively.
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Figure 1. The pipeline of the proposed infrared and visible image object detection network.

Firstly, CNN1 and CNN2 are used to extract the multi-scale features of the infrared and
the visible images from multiple convolutional layers. We design the difference maximum
loss function to guide the learning directions of the two base networks in order to extract
more complementary and diverse multi-band features. Then, infrared features and visible
features in each stage (except for the first stage) are respectively combined via concatenation
by the channel and a 1× 1 convolution. Since the concatenation doubles the number of
channels, a 1× 1 convolution is added to reshape the channels to the original number.

We define the second stage and the third stage as shallow convolutional layers, and
the fourth stage and the fifth stage as deep convolutional layers. The shallow/deep
convolutional layers from the infrared image and the shallow/deep convolutional layers
from the visible image are combined shallow/deep convolutional layers. We propose a
focused feature enhancement module to enhance the shallow features of small objects. In
this way, the detection performance of small objects can be effectively improved while
keeping the computational cost unchanged. In addition, we design a cascaded semantic
extension module to enlarge the receptive field of the deep convolutional layer. The
large receptive field is able to increase the detection accuracy of large objects. With the
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proposed focused feature enhancement module and cascaded semantic extension module,
the detection network can more accurately detect small and large objects.

The other components, such as the region proposal network, RoI pooling, and fully
connected layer, are the same as those in Faster R-CNN [1]. More details can be found
in [1].

1st stage

2nd stage

4th stage

3rd stage

5th stage

Figure 2. The architecture of the feature pyramid network (FPN).

2.1. Difference Maximum Loss

In recent years, convolutional neural networks (CNNs) have shown great advantages
in object detection for natural images [17–19]. This encouraged researchers in related fields
to detect and recognize multi-band (infrared and visible) images using CNNs. For infrared
and visible image object detection methods based on CNNs, they usually design two base
CNNs to respectively extract infrared features and visible features. The two base CNNs
can be the same or different.

On the one hand, when two base CNNs are the same, although two CNNs are used
to respectively extract features from two images, two networks may learn in the same
direction in the training process. In this situation, the extracted features using two of the
same networks would not be distinct and complementary. These features are not able to
represent the respective advantages of the infrared image and the visible image, resulting in
the reduction of the detection accuracy. On the other hand, when the two base CNNs are
different, extracted features are usually distinct and complementary. However, the extracted
features are complementary only on one or several levels (i.e., not both), because a network
with a given structure can only extract one type or several types of features. There are many
complementary features on other levels in infrared and visible images. Hence, it is also
difficult for two different base CNNs to effectively extract the complementary features.

Although we do not know how many complementary features exist in the infrared
image and the visible image, we can be sure that the complementary features must be
distinct and varied, because only by combining distinct features can the object detection
accuracy be improved. Based on this finding, in this paper we propose a difference
maximum loss function. The loss function can guide two base CNNs in learning in
different directions in the training process, in order to extract complementary features on
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more levels. As shown in Figure 1, the input of the difference maximum loss function
is set as the last convolutional layer of each stage (except the first stage). By judging the
similarity of two convolutional layers, the loss function guides the learning directions of
the two base CNNs. Since the loss function is used to extract complementary features, the
structures of the two base CNNs are set to be the same, that is, 50 convolutional layers in
the ResNet-50 model [12]. We take advantage of Kullback–Leibler (KL) divergence [20] to
define the difference maximum loss function:

Ld(p1, p2) = 1− 1
N ∑

p1∈E1,p2∈E2

p1 log
p1

p2
, (1)

where E1 denotes features from the last convolutional layer of each stage in CNN1, E2
denotes features from the last convolutional layer of each stage in CNN2, p1 is the intensity
value in each position of E1, and p2 is the intensity value in each position of E2. p1 and p2
are computed via softmax function. N denotes the number of features from E1 or E2.

The second term in Equation (1) is KL divergence. When CNN1 and CNN2 are
learning in different directions, the gap between p1 and p2 becomes large, resulting in
the enlargement of the KL divergence. In this case, the loss function Ld becomes small,
which implies that the learning directions of the two networks can meet the requirements
of extracting complementary features. When CNN1 and CNN2 are learning in the same
direction, the gap between p1 and p2 becomes small, resulting in the decrease of KL
divergence. Then, the loss function becomes large, implying that the learning directions
of the two networks are incorrect. A large loss function would guide the two networks to
learn in different directions in subsequent iterations. Through continuous iterations in the
training process, features from the two networks can be diverse and complementary on
multiple levels.

2.2. Focused Feature Enhancement

Since R-CNN [21], SPP-Net [22], Fast R-CNN [23], and Faster R-CNN [1] have been
used to perform object detection, researchers have found that these CNN-based detection
algorithms can produce significantly higher classification and location accuracy than
conventional detection algorithms like the Viola–Jones detector [24,25], HOG detector [26],
deformable part-based models [27–31], and so on. However, these early CNN-based
methods are not able to produce satisfactory detection results for small objects. This is
mainly because detection methods like Faster R-CNN only utilize one convolutional layer
to perform object detection, and the used convolutional features are rough and sparse,
which is bad for the detection of small objects but good for the detection of large objects. To
solve this problem, multiple convolutional layers are employed to improve the small-object
detection performance in later CNN-based detection methods, including SSD [2], FPN [15],
YOLOv4 [32], and so on.

Generally, multiple convolutional layers are usually divided into two groups: shallow
layers and deep layers. The deep layer is at the back of CNN and has relatively low resolu-
tion. The deep layer contains more semantic features, which are good for the detection of
large objects. The early detection methods, such as Fast R-CNN [23] and Faster R-CNN [1],
take advantage of the deep convolutional layer to produce more accurate detection results
than conventional detection methods. However, the deep layer lacks detail information,
which is usually required for the detection of small objects. Hence, it is very difficult for the
early detection methods to accurately detect small objects. On the other hand, the shallow
layer is in the front of the CNN. The resolution of the shallow layer is relatively large.
Thus, the shallow layer contains more detail features and fewer semantic features, which
is beneficial for the detection of small objects. Based on the above characteristics, deep
layers and shallow layers (i.e., multiple convolutional layers) are used at the same time to
perform multi-scale object detection [33–37]. This strategy can produce higher detection
accuracy for both small objects and large objects.
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However, directly utilizing the shallow layer and the deep layer may present some
shortcomings. When it comes to the detection of small objects using shallow convolutional
layers, in order to make shallow layers contain more semantic features, the resolution of the
initial shallow layer is usually set as 1/4 of the resolution of the input image [2,4]. In this
situation, the shallow layer would contain very few features for some small objects, and
these features would be rough and not significant. In addition, since some small objects are
relatively vague and indistinguishable, the shallow layer may lose features for these small
objects. Although shallow layers are more suited to the detection of small objects than deep
layers, it is still difficult for shallow layers to accurately detect some small objects.

In order to solve this problem, in this paper, we propose a focused feature en-
hancement module to strengthen the convolutional features of small objects in shallow
layers. A common way to strengthen convolutional features is to stacking many con-
volutional layers. Although this can be straightforward and effective, it is time- and
resource-consuming. To overcome this difficulty, we introduce semantic segmentation
to achieve focused feature enhancement. As shown in Figure 1, semantic segmentation
is added to shallow convolutional layers (i.e., the second and third stages) of the detec-
tion network. Figure 3a,e shows the infrared image and the visible image, respectively.
Figure 3b,f shows the ground-truth segmentation labels of subfigures (a) and (e). In the
segmentation label, pixels in white regions denote positive samples (i.e., 1), and pixels in
black regions denote negative samples (i.e., 0).

(a) Infrared image (b) IR-GF-SL (c) IR-GF-DL (d) IR-AG-SL

(e) Visible image (f) VI-GF-SL (g) VI-GF-DL (h) VI-AG-SL

Figure 3. (a) The infrared image; (b) the ground-truth segmentation label of (a), abbreviated IR-GF-SL;
(c) the ground-truth detection label of (a), abbreviated IR-GF-DL; (d) the automatically generated
segmentation label based on bounding boxes in (c), abbreviated IR-AG-SL. (e) The visible image;
(f) the ground-truth segmentation label of (e), abbreviated VI-GF-SL; (g) the ground-truth detection
label of (e), abbreviated VI-GF-DL; (h) the automatically generated segmentation label based on
bounding boxes in (g), abbreviated VI-AG-SL.

In the training process, as shown in Figure 4, the last convolutional layer of the
shallow layer outputs the segmentation result. The resolution of the last layer of the second
stage is w2 × h2 × c2 (width × height × channel). The last layer is then computed with
a 3 × 3 convolution to produce the segmentation result, whose resolution is w2 × h2 × 2,
where 2 denotes the number of the sample category (i.e., positive sample and negative
sample). The softmax function is used to resize the feature values of the segmentation
result to [0,1]. Finally, we use a cross-entropy loss function to compute the gap between
the segmentation result and the ground-truth segmentation label. Based on the gap, the
detection network guides shallow layers to be focused on enhancing the features of small
objects. This process is also suitable for the third stage. Through the supervised training of
semantic segmentation, the features of small objects in the shallow layers can be effectively
enhanced in order to improve the small-object detection performance.
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Figure 4. The focused feature enhancement for the second stage.

Since semantic segmentation is used, we need to manually annotate the ground-truth
segmentation label for each training image using annotation tool LabelMe (https://github.
com/CSAILVision/LabelMeAnnotationTool, accessed on 20 April 2019). However, this
will consume too much time and effort. Figure 3c,g shows the ground-truth detection
labels of subfigures (a) and (e), respectively. For the relief of the burden, we automatically
generate segmentation labels (Figure 3d,h) based on the ground-truth detection labels
(Figure 3c,g). This saves significant time and effort. From Figure 3b,d, we can see that the
generated labels cover a relatively larger region than the ground-truth labels. Hence, the
generated labels (Figure 3d,h) can also be focused on strengthening the features of small
objects. The cross-entropy loss function used in semantic segmentation is defined as

L f (h, p, q) = −λ ∑
p∈I+

log hp− ∑
q∈I−

log hq, (2)

where I+ and I− denote the positive sample set and the negative sample set, respectively.
hp is the probability that pixel p is classified as a positive sample. hq denotes the probability
that pixel q is classified as a negative sample. hp and hq are computed with softmax function.

For class balancing, we introduce the weight λ. λ is defined as |I− ||I+ | , where |I−| and |I+| are
the number of negative and positive samples, respectively.

The proposed focused feature enhancement module based on semantic segmentation
is only added to the training stage. In the testing stage, the shallow layers do not out-
put segmentation results. In this way, the proposed module can effectively increase the
detection rate of small objects without increasing the testing time.

2.3. Cascaded Semantic Extension

Compared with the shallow layer, the deep layer is at the back of CNN, and has
a relatively lower resolution and larger receptive field. The deep layer contains more
semantic features and structure information, which can contribute to a more accurate
detection of large objects. The receptive field is defined as the region in the input image
that the pixel in the convolutional layer can affect. The deeper the convolutional layer, the
larger the receptive field. The larger receptive field can make the pixel in the convolutional
layer affect a greater range, and contain more deep features. The reason that the deep
convolutional layer is usually taken advantage of to detect large objects is that the deeper
layer contributes a larger receptive field.

https://github.com/CSAILVision/LabelMeAnnotationTool
https://github.com/CSAILVision/LabelMeAnnotationTool
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However, the actual receptive field only occupies a fraction of the theoretical receptive
field [38–41]. The actual receptive field has a Gaussian distribution, and pixels at the center
of a receptive field have a much larger impact on the output, and the impact of surrounding
pixels generally decays quickly. Under this circumstance, convolutional features from the
deep layer would not completely cover some large objects, and some important information
would be left out when making the prediction. Therefore, this probably induces some
decrease of detection accuracy and robustness.

A simple and natural way of enlarging the actual receptive field is to increase the
number of convolutional layers. Unfortunately, this would lead to a high computational
cost and limit the efficiency of the detection network. In this paper, we propose a cascaded
semantic extension module to effectively enlarge the receptive field while still keeping
the computational cost under control. As shown in Figure 1, the proposed cascaded
semantic extension module is cascaded with deep convolutional layers (i.e., the fourth
stage and the fifth stage) of the detection network. The structure of the proposed module
is shown in Figure 5. We can see that the proposed module mainly makes use of a multi-
branch convolutional layer with different kernel sizes, and each convolution is followed
by a dilated convolution with a corresponding dilation rate. The outputs of the three
branches are concatenated and then reshaped with a 1× 1 convolution to produce the final
enhanced features.

Feature

11 conv

33 conv

55 conv

33 dilated conv

dilation rate=1

concatenation

11 

conv

Outputed

feature
Concatenated

feature

33 dilated conv

dilation rate=3

33 dilated conv

dilation rate=5

Figure 5. The structure of the proposed cascaded semantic extension module, in which ‘conv’ denotes convolution.

As shown in Figure 5, in the proposed module, we first design a three-branch con-
volutional layer (i.e., 1× 1 convolution, 3× 3 convolution, 5× 5 convolution). The 1× 1
and 3× 3 convolutions are responsible for extracting relatively small-scale features, and
the aim of the 5 × 5 convolution is to extract large-scale features. Through the three-
branch convolutional layer, the deep features can be enhanced and the receptive field
can be enlarged. To further enlarge the receptive field, we introduce dilated convolution
following the three-branch convolutional layer. Dilated convolution [42–44], also known
as atrous convolution [41,45,46], aims to generate a feature map with higher resolution,
capturing information in a larger area with more context while minimally increasing the
computation cost.
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We set a 3× 3 dilated convolution with dilation rate 1 followed by 1× 1 convolution,
a 3× 3 dilated convolution with dilation rate 3 followed by 3× 3 convolution, and a 3× 3
dilated convolution with dilation rate 5 followed by 5× 5 convolution. The larger the
dilation rate, the larger the receptive field. The dilation rate is set as the same as the
front convolutional kernel size in order to make different branches focus on enhancing the
features with particular sizes. Then, we concatenate the outputs of the three branches by
the channel. Finally, a 1× 1 convolution is used to reshape the concatenated features to the
original size.

In order to effectively enlarge the receptive field, we stack three cascaded semantic
extension modules following each deep layer. In this way, the actual receptive field can be
significantly enlarged and the deep features can also be enhanced. Therefore, the detection
performance of large objects can be effectively boosted. Besides, since the proposed module
only contains a three-branch convolutional layer, the increase of the computational cost
can be very minor.

2.4. End-to-End Training

The proposed detection method adopts the detection architecture of Faster R-CNN,
and we define the loss function of Faster R-CNN as LFaster. In this paper, the loss functions
of the newly proposed difference maximum loss and focused feature enhancement module
are Ld (Equation (1)) and L f (Equation (2)), respectively. Thus, the loss function of the
whole detection network is defined as

L = LFaster + Ld + L f , (3)

The base networks CNN1 and CNN2 are initialized with ResNet-50 pre-trained weights
for ImageNet classification [12]. The stochastic gradient descent (SGD) optimizer [47] is
used to optimize the network parameters. The detection network is trained end-to-end,
which means that the proposed detection network can directly output the detection results
based on the input images, without any other operations. We use an NVIDIA GTX 1080
Ti GPU to train and test the detection network. The weights of the network are updated
with a learning rate of 10−4 for the first 50k iterations, and 10−5 for the next 50k iterations.
The momentum, weight decay, and batch size are set as 0.9, 0.0005, and 2, respectively. The
code of the proposed detection network is implemented based on PyTorch [48].

3. Experiments
3.1. Infrared and Visible Image Dataset

In this paper, the used infrared and visible image dataset is collected from [49,50].
Each pair of infrared and visible images are collected from aligned infrared and visible
cameras, and each pair of images were already registered. Both the infrared and visible
images are single-channel gray images. The used infrared images are far-infrared images.
Table 1 lists the composition of the infrared and visible image dataset. We can see that the
dataset contains a total of 3318 pairs of infrared and visible images, in which 1641 pairs
of images are in the daytime and 1677 are in the night. We randomly select 668 pairs of
infrared and visible images as the testing images, and the remaining 2650 pairs of infrared
and visible images as the training images. In the 668 pairs of testing images, 352 pairs of
images are in the daytime and 316 are in the night. In the 2650 pairs of training images,
1289 pairs of images are in the daytime, and 1361 are in the night. The image sizes include
640 × 471 (width × height) and 640 × 480, and we resize all infrared and visible images
into 640 × 480. Data augmentation is introduced to avoid the over-fitting of the detection
network. We use two augmentation strategies, that is, horizontal flip and Gaussian blur
with standard deviation of 2, to increase the number of training images. Through data
augmentation, we get 7950 pairs of infrared and visible images for the training of the
detection network.
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Table 1. The composition of the infrared and visible image dataset.

Training Images Testing Images Sum

Daytime 1289 352 1641
Night 1361 316 1677
Sum 2650 668 3318

In the infrared and visible image dataset, there are several different object categories,
including person, car, tree, building, and so on. The images of people in the person category
include people that are still, walking, running, and carrying various things. In this paper,
we only detect one category, that is, person. Figure 6 shows some examples in the infrared
and visible image dataset. The images in the first row are visible images, and the images in
the second row are infrared images. The first two columns show the images in the daytime,
and the last three columns show the images in the night. We can see that although the
objects in the visible images contain more detail information, the visible images are easily
affected by low brightness (see Figure 6h,j), smoke (see Figure 6i), and noise (see Figure 6h).
On the other hand, the contrast of the infrared objects is relatively high (see Figure 6c–e),
while detail features in infrared objects are missing (see Figure 6c–e). Besides, from the first
two columns, we can see that in the daytime, visible images may have better visual effects
than infrared images.

(a) Infrared Image 1 (b) Infrared Image 2 (c) Infrared Image 3 (d) Infrared Image 4 (e) Infrared Image 5

(f) Visible Image 1 (g) Visible Image 2 (h) Visible Image 3 (i) Visible Image 4 (j) Visible Image 5

Figure 6. (a–j) Some examples of infrared and visible images from the used image dataset. The
images in the first row are infrared images, and the images in the second row are visible images.

3.2. Method Comparison

The proposed detection method is compared with five other infrared and visible image
detection methods, including MCDetection [51], FusionDetection [1,52], TwoFusion [53],
TripleFusion [8], and IAF R-CNN [9]. The first two detection methods use pixel-level
fusion, and the last three methods and our detection method use feature-level fusion. All
six methods are respectively trained and tested with the same training images and testing
images, and the common network parameters of the six methods are identical.

MCDetection: As shown in Figure 7a, MCDetection [51] first combines a single-
channel infrared image and a single-channel visible image into a two-channel pseudo-color
image. Then, the two-channel image is used as the input of the detection network Fast
R-CNN. Fast R-CNN finally outputs the detection results for the infrared image and the
visible image. Since the other five detection networks are designed based on Faster R-CNN,
we change the Fast R-CNN in MCDetection to Faster R-CNN. The infrared features and
the visible features are fused at the pixel level, and thus MCDetection uses one base CNN
to extract infrared and visible features.
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FusionDetection: As shown in Figure 7b, FusionDetection first utilizes the multi-band
image fusion method HMSD [52] to fuse a single-channel infrared image and a single-
channel visible image into a single-channel fused image. Note that other state-of-the-art
multi-band image fusion methods [54–58] can also be used for FusionDetection. Then, the
fused image is detected with the detection network Faster R-CNN [1]. For the detection
method FusionDetection, infrared features and visible features are also fused at the pixel
level, and thus one base CNN is used to extract multi-band features.

TwoFusion: As shown in Figure 7c, TwoFusion [53] uses two base CNNs to respec-
tively extract infrared features and visible features, and then the extracted features are
fused for the subsequent recognition and location of the objects of interest. The detection
architecture of Faster R-CNN is adopted in TwoFusion, and the two base CNNs have the
same structure.

TripleFusion: As shown in Figure 8a, TripleFusion [8] proposes a three-branch detec-
tion architecture, and takes advantage of infrared features, visible features, and their fused
features to respectively perform classification and regression of the region proposal. Then,
the output results of the three branches are combined with an accumulated probability
fusion layer to produce more accurate detection results. Note that TripleFusion also uses
two of the same base CNNs.

(a) MCDetection (b) FusionDetection (c) TwoFusion

Figure 7. (a–c) The pipelines for MCDetection, FusionDetection, and TwoFusion.

IAF R-CNN: As shown in Figure 8b, IAF R-CNN [9] discovers that the detection
performance is correlated with illumination conditions. Therefore, IAF R-CNN first uses
two detection networks (Faster R-CNN) to respectively produce detection results for the
infrared image and the visible image. In this process, the fused features from the two
networks are used to generate region proposals. Then, an illumination-aware network is
introduced to measure the illumination of the visible image. According to the measured
illumination value, the detection results from the two detection networks are adaptively
merged to obtain the final detection outputs.
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(a) TripleFusion (b) IAF R-CNN

Figure 8. (a,b) The pipelines for TripleFusion and IAF R-CNN.

3.3. Comparison

Figure 9 shows the infrared and visible image detection results from the six different
detection methods. In order to display the results more clearly, the detection results are
shown on the fused images of the infrared and visible images, and the fusion method
HMSD [52] is used to produce the fused images. Since MCDetection and FusionDetection
simply combine an infrared image and a visible image into a fused image, the detection
network cannot effectively extract complementary features from only a fused image. There-
fore, they produce inaccurate location and classification results (Figure 9c,d). TwoFusion
uses two of the same base CNNs to extract complementary and diverse infrared and visible
features, and it is very difficult for this strategy to achieve the desired goal. Without
complementary features, the detection network TwoFusion gives incorrect detection re-
sults (Figure 9e). Although TripleFusion and IAF R-CNN design more complex network
structures, the detection results are still unsatisfactory (Figure 9f,g). Thanks to the care-
fully designed difference maximum loss function, focused feature enhancement module,
and cascaded semantic extension module, our detection network gives more accurate
detection results.

Figure 10 shows another comparison example. We can see that objects in the images
are crowded and not easily distinguished, and some irrelevant objects are very similar
to interesting objects to be detected. In this situation, the other five detection methods
give inaccurate location or classification results (Figure 10c–g), while the proposed method
outputs satisfactory detection results (Figure 10h). Figure 11 shows a similar example
to Figure 10. Some objects in Figure 11 are very small, and some lighting can confuse
detection networks. From Figure 11c–e, we can see that MCDetection, FusionDetection,
and TwoFusion give quite inaccurate location and classification results. The detection
results of TripleFusion and IAF R-CNN can also be improved (see Figure 11f,g). In contrast,
the output of our detection network is more accurate.
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(a) Infrared image (b) Visible image (c) MCDetection (d) FusionDetection

(e) TwoFusion (f) TripleFusion (g) IAF R-CNN (h) Ours

Figure 9. (a–h) The infrared and visible image detection results from six different detection methods.
In order to better display the results, the detection results are shown on the fused images.

We use mean average precision (mAP) to quantitatively evaluate the detection per-
formance of the six detection networks. Table 2 lists the mAPs of the different detection
methods on the testing set. The first column shows the six detection methods, the second
column shows the mAPs of the testing images in the daytime, the third column shows the
mAPs of the testing images in the night, and the fourth column shows the mAPs of all test-
ing images. MCDetection and FusionDetection only use one base CNN to extract diverse
multi-band features, resulting in lower mAP compared with the other detection networks.
Since TwoFusion uses the same two CNNs, its detection accuracy is also relatively low.
Although TripleFusion and IAF R-CNN introduce well-designed network structures, their
mAPs are still lower than that of our detection network.

(a) Infrared image (b) Visible image (c) MCDetection (d) FusionDetection

(e) TwoFusion (f) TripleFusion (g) IAF R-CNN (h) Ours

Figure 10. (a–h) The infrared and visible image detection results from six different detection methods.
In order to better display the results, the detection results are shown on the fused images.
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Table 2. The mAP for the different detection methods on the testing set.

Method Daytime Night ALL

MCDetection 74.8% 73.9% 74.3%
FusionDetection 74.4% 75.5% 75.1%

TwoFusion 78.8% 77.5% 78.2%
TripleFusion 81.1% 80.1% 80.5%
IAF R-CNN 80.9% 81.8% 81.3%

Ours 84.3% 83.2% 83.7%

(a) Infrared image (b) Visible image (c) MCDetection (d) FusionDetection

(e)TwoFusion (f) TripleFusion (g) IAF R-CNN (h) Ours

Figure 11. (a–h) The infrared and visible image detection results from six different detection methods.
In order to better display the results, the detection results are shown on the fused images.

4. Individual Results

Figure 12 gives some detection results from our detection network. The first column
shows infrared images, the second column shows visible images, and the third column
shows detection results. From the first three rows, we can see that our method is able to
accurately recognize low-contrast objects. Owning to the focused feature enhancement
module, the proposed network outputs good detection results for small objects (see the
fourth row in Figure 12). Thanks to our proposed cascaded semantic extension module,
the large object in the fifth row is accurately located. In the daytime (see the last row), our
method still produces good detection performance.



Remote Sens. 2021, 13, 2538 15 of 19

(a) Infrared image (b) Visible image (c) Ours

Figure 12. (a–c) Some detection results from our detection network. In order to better display the results, the detection
results are shown on the fused images. The images in the first three rows have very low contrast; the objects in the fourth
row are relatively small; the object in the fifth row is relatively large; and the images in the last row are in the daytime.
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5. Discussion

A. The effectiveness of the proposed difference maximum loss, focused feature en-
hancement, and cascaded semantic extension. In this paper, we mainly propose three
novel modules (i.e., difference maximum loss function, focused feature enhancement mod-
ule, and cascaded semantic extension module). In order to demonstrate the effectiveness
of the three proposed modules, massive experiments are implemented and some results
are listed in Table 3. × denotes that the module is not used in the detection network, and
X denotes that the module is used in the detection network. All testing images are used
to produce the detection accuracy (mAP). We can see that without the three proposed
modules, the accuracy of the detection network decreases to 78.9%. Using only the dif-
ference maximum loss function, the detection accuracy is 80.7%. Using only the focused
feature enhancement module, the detection accuracy is 80.1%. Using only the cascaded
semantic extension module, the detection accuracy is 81.6%. Hence, all three modules can
improve the detection performance, and the cascaded semantic extension module has the
largest benefit. When using two modules for the detection network, the detection accuracy
can be further improved. When using all three modules, the detection accuracy reaches a
maximum of 83.7%.

Table 3. The effectiveness of difference maximum loss, focused feature enhancement, and cascaded semantic extension.

Difference Maximum Loss Focused Feature Enhancement Cascaded Semantic Extension mAP

× × × 78.9%
X × × 80.7%
× X × 80.1%
× × X 81.6%
× X X 82.5%
X × X 82.8%
X X × 82.1%
X X X 83.7%

B. The effectiveness for small objects and large objects. In order to demonstrate the
detection effectiveness of small objects and large objects, we define objects with size smaller
than 48 × 48 in testing images as small objects, and objects with sizes larger than 96 × 96
as large objects. Our method produces a mAP of 76.5% for small objects, while without
the focused feature enhancement module the mAP for small objects drops to 74.2%. For
large objects, the mAP from our method is 88.6%. Without the cascaded semantic extension
module, the mAP for large objects drops to 87.1%.

C. The first stage in CNN1 and CNN2. In the proposed detection network, the first
stage in CNN1 and CNN2 is not used for the difference maximum loss function and the
focused feature enhancement module (see Figure 1). There are two reasons for this. Firstly,
in many other state-of-the-art object detection networks [19,59], the first stage of the base
CNN is not used for various designed modules. Secondly, the resolution of the first stage is
one-half the resolution of the input image. Therefore, semantic features in the first stage are
very few, and features in the first stage are usually edges and gradients. In this case, those
features would be useless for the detection of small objects. Edges and gradients have very
small differences between two base CNNs, and thus the difference maximum loss function
also does not use the first stage. Table 4 lists the detection accuracy with and without the
first stage. We can see that it would be good for the designed detection network not to
use the first stage.
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Table 4. The mAP with and without the first stage for difference maximum loss and focused feature
enhancement.

With/Without mAP

With the first stage 83.5%
Without the first stage 83.7%

D. Automatically generated segmentation labels for the focused feature enhance-
ment. In the focused feature enhancement module, we use automatically generated seg-
mentation labels instead of ground-truth segmentation labels to save time and effort (see
Figure 3). Although the automatically generated segmentation labels are relatively inac-
curate compared with the ground-truth segmentation labels, the automatically generated
segmentation labels can meet the requirements of the focused feature enhancement mod-
ule. The generated labels can make the enhancement module effectively concentrate on
strengthening the features of small objects. Table 5 lists the detection accuracy based on
the ground-truth segmentation labels and the automatically generated segmentation labels.
We can see that our used strategy (i.e., automatically generated segmentation labels) can
produce satisfactory detection results while effectively saving time and effort for annotation.

Table 5. The mAP for the ground-truth segmentation labels and the automatically generated segmen-
tation labels.

Segmentation Labels mAP

Ground-truth 83.8%
Automatically generated 83.7%

6. Conclusions

In this paper, a novel infrared and visible image object detection network is proposed.
First, we design a difference maximum loss function to guide the learning directions of the
two base CNNs. In this way, the extracted multi-band features from the two base CNNs
can be complementary on more levels and diverse, which is beneficial for the multi-band
object detection. Secondly, the proposed focused feature enhancement module is added
to the shallow convolutional layer to improve the small-object detection performance.
The proposed module is only employed in the training process without increasing the
testing time. Finally, in order to enlarge the receptive field of the deep convolutional layer
and increase the large-object detection accuracy, a cascaded semantic extension module
is introduced. This module can be easily integrated into the detection network while
minimally affecting the computational cost. Experimental results demonstrate that the
proposed detection network can achieve superior performance compared with many other
state-of-the-art detection methods. Further research will include infrared and visible image
fusion and semantic segmentation for the infrared and visible images.
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