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Abstract: This study proposes a method for image matching between infrared(IR)-RGB images

using a deep learning network to estimate the deformation field. We propose a deformation field

generator (DFG) that estimates the deformation field of the transformation matrix to match each

pixel or IR image to the RGB image. DFG is a network that receives IR and RGB images as input;

the output size is two channels and has the sample resolution as the input image. By warping the

IR image through a grid-sampler that warps the image according to the value of the deformation

field, we can obtain a warped IR image that matches the RGB image. Additionally, to check whether

the warped IR image matched the RGB image, the masking images detecting the segmentation of

objects were photographed in two images. Without directly comparing IR and RGB images, we

proposed mask loss that warps the IR mask image through the deformation field and grid sampler

and then compares the warped IR mask image with the RGB mask image. Mask loss solves the

spatial similarity comparison problem with multi-modality images, such as IR and RGB images, by

comparing the mask image with the same modality image as the mask image.

Keywords: computer vision; deep learning; multi-modality image registration

1. Introduction

Recently, the number of cases for which data have been acquired using multiple sensors at

industrial sites has increased. For example, in an environment where it is difficult to obtain an accurate

image using an RGB camera alone, such as at night, in heavy rain, or in fog, an IR sensor can be used

to compensate for the disadvantages of an RGB camera [1]. Integrating IR and RGB images increases

the performance of tasks such as object detection[1] and object tracking [2,3] in computer vision(CV).

when data are obtained through multiple sensors, each sensor has external factors, such as the

base curve of the lens, the position of the sensor, and the measurement angle; therefore, the images

obtained using the sensor have different coordinates. To integrate the data of two images, different

coordinates must be matched. In many fields utilizing multi-sensor data, image registration between

data with different modalities, such as IR and RGB, called multi-modality image registration is a very

important task.

Classical multi-modal image registration [23] was adapted to another image by transforming an

image in a direction that maximizes the resulting value of the predefined similarity comparison method.

To accurately match external parameters such as lens curvature, the camera position and distance

between sensors must be known to make accurate matching, and it is difficult to achieve accurate

matching without parameters. In addition, the computational cost is excessively high for classical

methodologies, which is a fatal problem in task requiring real-time response, such as autonomous

driving.

Because of these problems, it is difficult to perform image registration through classical

methodologies only image without additional environmental parameters. To solve this problem,

research on image registration methodology using deep learning has become increasingly active.

In the medical field, multi-modality image registration uses deep learning to perform

multi-modality image registration such as MRI and CT images[5]. However, in the case of medical
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images, the shooting environment is limited, so there is almost no background noise. So, general

supervised learning-based image registration methodology uses images that have already been

registered as ground truth. After setting the imaging device parameters to obtain images with the same

coordinates, an affine transformation was applied to one image to artificially create an image with a

misaligned coordinate and use it as the input . Thus, this approach is very inefficient and contradictory

to misaligned the matched image again to train the registration network.

In this study, we propose a network that matches IR-RGB images and a method for evaluating

spatial matching by comparing the masking of the two images. Through a deformation field

generator(DFG), a deformation filed representing the x-axis and the y-axis change rates were inferred

for each pixel to match the IR image with the RGB image, and each IR pixel is warped into a coordinate

corresponding to the deformation field through a grid sampler to obtain an IR image that matched the

RGB image. In addition, after converting the IR-masking iamge using this deformation field and then

comparing the image with RGB masking image, we solved the spatial similarity comparison problem

between the cross-modality images by converting them into mono-modality. The main contribution of

out work are:

• We proposed a multi-modality image registration methodology that performs image matching

between IR-RGB images through deformation field inference.
• We proposed a mask loss that compares the masking image of the image to solve the

cross-modality problem.
• Experiments show that the proposed method is effective not only areas where image masking

information is provided but also in areas where image masking information is not given.

2. Related works

2.1. Feature matching based

The traditional image registration method consists of four steps. First is Feature detection, which

finds the same features regardless of image conversion or degradation. Second is feature matching,

which considers the relationship between the features of non-aligned and reference images obtained

during the feature detection process. Third is transform mode assessment, which determines the

transformation parameters to be applied to the non-aligned images. Last is image transformation

step, during which registration is performed by applying transformation parameters to non-aligned

images.In Feature matching-based image registration methodology, feature detection and feature

matching are very important. Representative methodologies that focused on processes such as the

Harris corner [24], SIFT [25], and AGAST [26]. It is difficult to achieve accurate registration using this

methodology alone and many studies have been conducted recently to increase accuracy through deep

learning.

2.2. Homography estimation based

Homography-based image registration is a method in which image transformation is applied after

obtaining a homography matrix with eight parameters based on a 2D image, which is a transformation

parameter in the transform mode assessment stage. In studies such as [8–10], deep learning networks

perform feature detection and matching, and transform mode assessment steps to infer accurate

homography matrices using only image pairs. Deep homography estimation [8] infers a homography

matrix using 10 simple convolutional(conv) layers and shows that image matching is possible using it.

In this study, a deep learning-based methodology for inferring homography was a deep learning-based

methodology for inferring homography was not accurate when two images are obtained using different

cameras, such as RGB-IR, and the types of transformations that can occur through homography are

limited. Owing to these limitations, optical flow-based image registrations have appeared, which yield

the conversion matrix itself for each image pixel. The estimation of the movement of pixels or features

in an image from a continuous image is called optical flow estimation.
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2.3. Optical flow based

Estimating the movement of pixels or features in an image from a continuous image yielded optical

flow estimation. These are as follows [11,15]:. as end-end methods that infer optical flow between two

images for an image provided as input. Some studies have used optical flow for image registration [12–

14]. FlowReg[13] uses FlowNet[11] to match medical images. FlowReg consists of FlowRegA, which

estimates a 3D affine matrix, and FlowReg-O, which estimates optical flow. After converting the images

using the affine matrix obtained from FlowRegA, fine-tuning was performed using FlowReg-O. In the

case of PWC-Net [17] and pointPWC [18], the matching performance improved by pyramid-structured

architecture. RAFT [19] improved performance by adding the GRU structure to the Iteration method.

However, these studies performed image registration on mono-modality.

3. Method

In this study, the previously mentioned feature detection, feature matching, and IR-RGB image

matching proceed in two stages: the DFG network, which replaces the transform mode analysis process,

and a grid sampler that performs image transformation. The first step is a DFG, ResUnet[20]-based

registration network that receives IR images(Iir) and RGB images(Irgb) as input and generates a

deformation field(φ). φ represents the x-axis and y-axis translation of each pixel and has the same

resolution as the input image. In the second step, φ and Iir obtained through DFG are received as

inputs, and a warped IR image(Iir) is obtained using a grid sampler that performs an image transform

that converts each pixel based on the deformation field on the IR image. Figure 1 shows the inference

structure of the multi-modality image registration network proposed in this paper.

Figure 1. Inference process The network structure for obtaining the matched image is divided into

two steps as follows. Deformation filed generator (DFG), which takes thermal images and real-life

images as inputs and generates a deformation-field (φ) for mapping images from thermal images to

real-life images. The second is a Grid sampler, which receives φ and thermal images as input and

applies transformations corresponding to φ to thermal images. The first DFG is combined to obtain φ,

and then the thermal image and φ are put into the Grid-sampler to obtain the warped IR image.

3.1. Deformation Field Generator

If input image’s resolution H × W, the deformation field generator (DFG) infers a 2-channel

deformation field with resolution H × W and two channels representing the transformation in the

x- and y-axes for image registration. DFG process sequentially receives data including tomcat Iir

and Irgb as input and then repeats the following process: passing through a block composed of

3 × 3Conv + leakeyrelu, and performing down-sampling. Before performing down-sampling, the

feature map was stored at each step. After down-sampling, the residual block is passed N times. In this

study, N was set to 3, 5, or 7. Next, the up-sampling process was performed by combining the feature

map and residual block results for the same input resolution previously saved in the down-sampling

process. Finally, up-sampling was repeated until H × W, which is the same resolution as the input

image, and then 1 × 1conv was applied and finally output a 2-channel result. Figure 2 shows the DFG

structure.
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Figure 2. Deformation-Field generator architecture.

However, if the output of the network (φG) is directly transformed through a grid sampler, there

is no information on the spatial feature of the original data in the early stages of training, which results

in severe spatial distortion and difficulty in training. Therefore, we utilize the identical deformation

field (φI) to allow the network to learn the process of maintaining and transforming the spatial

characteristics of the original data to some extent. The identical deformation field satisfies Equation

2 as a deformation field representing the identical transform that allows the input image to emerge

without transforming the image when the image and φI are inputted to the grid-sampler. As shown in

Equation 3, the structure transforms the image into a deformation field(φ) created by adding φI and

φG so it can maintain spatial features of the original image rather than using φG directly.

φG = DFG(Irgb, Iir) (1)

I = Warp(I, φI) (2)

As shown in Equation 3, the structure transforms the image into φ created by adding φI and φG

so it can maintain spatial features of the original image rather than obtaining a matrix of H × W that

directly matches RGB-IR.

φ = φG + φI (3)

3.2. Grid sampler

Figure 3 shows how the grid sampler changes the input image according to the deformation

field. When any coordinate (i, j) of Iir is v, when a value located in v of φ is defined as φ(v), when

the two-dimensional value is defined as φ(v), and each pixel in Iir is transformed into an x-axis given

as input, as in Equation 4. As shown in Equation 5, all coordinates in Iir are converted to obtain Ĩir,

which is an image warped by the gird-sampler. In addition, the grid sampler did not participate in

training, there were no learning parameters, and only the image translation step was performed.

Warp(Iir, φ)[v] = Iir[v + φ(v)] (4)

Ĩir = Warp(Iir, φ) (5)
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Figure 3. Grid sampler process.

3.3. Object function

3.3.1. Mask loss

To train the image registration process in the model, it is necessary to quantitatively indicate

how the spatial match rate was calculated. In this study, this problem was solved by comparing the

masking images of each RGB-IR image. Insert Iir and Irgb into DFG to obtain the deformation field

and then insert Mir and the deformation field into the Grid-sampler to obtain warped masking image

M̃ir. Using L1loss, M̃ir and RGB masking image(Mrgb) were compared and used as the object function.

Equation 7 represents the mask loss.

M̃Ir = Warp(Mir, φ) (6)

Lm = ∑ |M̃ir − Mrgb| (7)

Figure 4. Model train architecture.When the network training, it does not utilize the converted image.

A IR image is placed in a field generator to obtain φ. φ and thermal image masking images (Mir ) are

placed in a Grid-sampler to compare the transformed masking images with the masking images of

RGB images.

3.3.2. Smooth Loss

When converting an image using a grid sampler, it was necessary to limit the DFG to prevent

the value of φ from becoming too large to damage the spatial properties of existing images and to

ensure the spatial locality. Smooth loss applying L1 regularization allows the deformation field (φ) to

represent a natural transformation. The smooth loss compares the similarity between each pixel and

surrounding pixels in φ obtained from DFG. When difference values in x-axis and y-axis between each

pixel and surrounding pixels defined as ∂xφ,∂yφ, Equation 8 shows the smooth loss.
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Lsmooth = ∑ |∂xφ|+ |∂yφ| (8)

Finally, the total loss used for model training is shown using Equation 9.

Ltotal = λm ∗ Lm + λsmooth ∗ Lsmooth (9)

4. Experiment

To obtain the dataset used in the experiment in this study, we used Ozray HK380,which has a

thermal imaging sensor and an RGB sensor used at industrial sites. The specifications of each sensor

are listed in Table 1. The IR-RGB images measured from the camera are defined in units of one

data according to the fps of each sensor of one data according to the fps of each sensor. In addition,

annotation was performed on one object taken in the same IR image and RGB images of each data pair

to generate a masking image for loss calculation and evaluation. A total of 3,296 images were captured

by changing the shooting angle at three different locations. Figure 5 shows a sample of the acquired

dataset.

Table 1. The device specifications used in the experiment.

Thermal Sensor Information

Technology Amorphous Silicon (α-Si) microbolometer

Spectral Response 8 ∼ 14um (LWIR)

Pixel Pitch 17um

Focal Plane Array 384 x 288

Frame Rate 10fps

Color CMOS Sensor Information

Maker Omnivision

Pixel Pitch 2um

Optical Format 1/2.7"

Resolution 1920 x 1080

Frame Rate 30fps
HK380 device spec

Figure 5. Dataset sample. Examples of train datasets are up-left real-life images, up-right real-life

images, down-left, thermal images, and down-right thermal images.
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4.1. Evaluation

Intersection over union (IoU), a metric used in segmentation, was used as a metric to evaluate the

proposed matching method. The deformation field (φ) and IR masking image (Mir) obtained through

DFG are input into a grid sampler to produce a matching IR masking image (M̃ir ). Then, the IoU

between M̃ir and Mrgb masks is calculated using Equation 10, which represents IoU.

IoU(M̃ir, Mrgb) =
∑ (M̃ir ∩ Mrgb)

∑ (M̃ir ∪ Mrgb)
(10)

4.2. Result

The dataset used in this experiment consists of 3,296 pairs of image frames of IR and RGB images

and the corresponding masking images, of which 660 were used as test datasets, 20 percent, and the

remaining 2,576 were used as train datasets. To determine whether our methodology is effective for

image matching; we compute the inter-IoU pair ir-mask (Mir) and RGB-mask image (Mrgb) and then

transform the IR-mask image(Mir). After applying this methodology, we compared the IoU between

M̃ir and Mrgb to compare IoU scores before and after applying the methodology. Comparison of the

input size and performance according to the network depth of the model, the remaining layers of the

DFG were changed to 3, 5, and 7 and the size of the input image was set to 640 × 480,512 × 512, and

256 × 256, and the application results were compared.

Figure 6. Registration result. Result of the matching. This is the result of applying alpha blending

to the original thermal image, the corrected thermal image, and the actual image by applying alpha

blending to the thermal image, the actual image converted from the left.

Table 2 shows that when the input size was 640 × 480, and the number of residual layers was

5, IoU 0.9083 was the highest, and when the residual layer was increased to 7, it was 0.8831, which

was lower than when the number of layers was 5. When the input size was set to 256 × 256, the

performance was highest at IoU 0.8983 when the number of residual layers was 3, and the performance

was degraded at 5 when the number of layers was further increased. The larger the input size, the

higher the matching performance and the higher the IoU score when the number of residual layers

was properly adjusted depending on the input size. Figure 7 shows the results of matching the IR

image using the proposed method. From left are IR images, RGB images, warped IR images, and

alpha-blending results between Iir and Irgb, and alpha-blending results between Ĩir and Irgb.
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Table 2. Experiment result

inputs

layerd Unregistered 3-Layers 5-Layers 7-Layers

256 × 256
L1 6.3451 2.616 2.715 2.912

IoU 0.7757 0.8983 0.8924 0.8870

512 × 512
L1 25.567 11.494 9.799 9.619

IoU 0.7744 0.8911 0.9045 0.9031

640 × 480
L1 29.057 13.707 11.191 13.867

IoU 0.7804 0.8875 0.9083 0.8831

Figure 7. Unpair frame image result..This is a result of attempting to match images of frames that are

not the same. The bottom-left is the result before calibration and after the bottom-right calibration.

Looking at the part indicated by the blue circle, it can be seen that the correction is good even when the

difference between the two objects is large. Looking at the part marked with a red circle, it can be seen

that it is also corrected for fluorescent lights that do not give mask information during training.

In addition, instead of using the same frame, matching was performed on an image with a frame

difference of four between the RGB and IR images. Figure 7 shows the result, and if you look at the

part marked with a blue circle, it can be seen that the two images are matched, even though the human

posture in the IR image and the posture in the RGB image are different. In addition, if we look at the

part indicated by the orange circle, the image was corrected for lights that had not been segmented.

This result indicates that the model learned the process of matching an entire image, even though a

mask image segmented only one object common in the entire image was assigned for training.

5. Conclusion

In this study, a multi-modality image registration was conducted. The deformation field between

the two images was inferred by receiving the IR and RGB images as input through the DFG network

with two different modalities, and the IR image was corrected to match the RGB image using a grid

sampler that converted the IR image based on inferred deformation fields. In addition, for the IR and

RGB images, it was difficult to calculate the correction rate between the two images because they have
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different modalities. However, this study solved the problem by comparing the mask images rather

than directly comparing the two images. Additionally, to prevent the spatial characteristics of the

original data from being excessively distorted owing to the deformation file, locality was guaranteed

through an identical field, which performs the same transformation, and Smooth loss, which compares

the difference values with the surrounding pixels. To show that our proposed methodology is effective

for multi-image registration, we conducted an experiment. As a result of the experiment, the IoU score

of the original before matching increased by 0.1279 from 0.7804 to 0.9083 based on an input size of

640 × 480, and matching appeared in the entire image, including areas where masking information

was not provided.
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