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ABSTRACT OF THE THESIS

Deep Thermal Optical Flow

by

Harshith Mohan Kumar

Master of Science, Graduate Program in Computer Science
University of California, Riverside, March 2025

Professor Vishwanath Saragadam, Co-Chairperson
Professor Amit Roy-Chowdhury, Co-Chairperson

Optical flow problem focuses on predicting motion between consecutive frames, typically

within the RGB domain. While RGB-based models have reached a high level of maturity,

optical flow prediction in alternative modalities, such as thermal imagery, remains underex-

plored. Given that thermal imaging excels in challenging conditions like fog and darkness,

developing a thermal optical flow model is of critical importance. We propose a first-of-its

kind data-driven approach to optical flow, with a novel cross-modal supervision. To achieve

this, we collected more than a thousand, spatially aligned and synchronized RGB and thermal

video sequences across diverse environments and types of motion, including humans, vehicles,

animals, and nature. We then leveraged this dataset to generate pseudo-ground-truth optical

flow estimates by using state-of-the-art optical flow techniques on the RGB images, and

then used them to fine-tune the optical flow network with thermal images as input. Our

contribution culminates in a high-quality, synchronized RGB-Thermal video dataset, with

state-of-the-art baselines for optical flow in the thermal domain.
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Chapter 1

Introduction

Thermal images enable clear imagery even in poor weather conditions, such as fog,

scatters of rain, night time driving, and even visual clutter. A key component of many vision

tasks is the ability to estimate dense pixel correspondences between video sequences, which

can be leveraged to solve applications such as super-resolution [5, 4, 74, 65], video synthesis

[21, 45, 25], and autonomous driving [18, 72, 42]. Optical flow with visible (RGB) images

can be reliably and robustly estimated with state-of-the-art (SoTA) deep network based

techniques. However, robustly estimating optical flow with thermal images is an unexplored

and more importantly, a highly challenging task. The challenges with thermal optical flow

include lack of strong spatial texture for dense pixel correspondences, and lack of ground

truth optical flow, which is readily available in the visible domain, thanks to a large pool of

simulated optical flow data.

In this paper, we propose a novel approach to thermal optical flow computation

via a cross-modal supervision. We first identify optical flow tend to be modality invariant,

1



RGB Optical 
Flow Model

Thermal Optical 
Flow Model

UCRT Dataset

RGB

Thermal

RGB Optical Flow 
Model

Thermal Optical Flow 
Model

Training

Inference

Cross-Modal
Knowledge 

Transfer

Figure 1.1: Overview. Our dataset is pivotal in distilling knowledge from RGB optical
flow models into a thermal optical flow models. In contrast to RGB-based approaches that
fail under night time, our thermal model leverages daytime knowledge from RGB to operate
e”ciently at night.

implying that the optical flow estimated in RGB match the optical flow estimated with

thermal images. Further, we leverage the observation that optical flow can be reliably

estimated on real world RGB images with SoTA deep network-based models. We can thereby

leverage this optical as a ground truth, for thermal images captured at the same time as the
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RGB images. We built a first-of-its kind large and diverse dataset consisting of spatially

aligned and synchronized RGB and thermal videos sequences. For each data point consisting

of two subsequent RGB and thermal video frames, we first generate an optical flow on the

RGB image pair. We then use this optical flow as ground truth to supervise the training

of a deep network that takes thermal images as input and outputs optical flow. We then

fine-tuned the parameters of the deep network with a mean squared error loss between the

ground truth optical flow (computed from the RGB images), and self-supervised warping

loss, that enables robustness to minor di!erences in thermal and RGB optical flows. We

provide the first thermal optical flow baseline. We demonstrate the brightness-invariance

property of thermal imaging, makes them well suited for optical flow estimation particularly

in scenarios where traditional visible imaging struggles. Additionally, we benchmark our

method using two popular optical flow architectures: RAFT [61], a CNN-based approach,

and FlowFormer++ [48], a transformer-based approach.

Our key contributions can be summarized as follows:

• Novel high-quality dataset: We introduce a new dataset of high-resolution, high-frame-

rate RGB-Thermal pixel-aligned video sequences featuring over 1,000 diverse scenes

and with over 22,500 aligned image pairs for robust training and evaluation.

• First thermal optical flow baseline: We propose the first network for estimating optical

flow from thermal imagery.

• Cross-spectral supervision: We develop a cross-spectral supervision strategy that

leverages pre-trained RGB models to generate occlusion masks and pseudo-labels,

e!ectively bridging the domain gap between RGB and thermal modalities.
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Chapter 2

Prior Work

We cover the relevant works on optical flow, primarily with RGB images, and the

advantages and challenges associated with thermal images.

2.0.1 Optical Flow

Early optical flow algorithms relied on combining photometric and smoothness

losses [68, 20, 14], improved later by approaches that included occlusion masks [66, 26] to

enable sharper optical flow around object boundaries. Other approaches have leveraged

simulated data through data augmentation [33, 31, 73, 69]. While unsupervised approaches

are potentially a promising approach for dealing with data like thermal images, they have

limited accuracy. This can be improved with precise ground truth from simulated data.

The paradigm of data-driven optical flow estimation shifted with FlowNet [13,

24], the first end-to-end convolution neural network that directly estimated optical flow.

Subsequent innovations have introduced various inductive biases to enable robust optical

flow [59, 61, 22, 48, 67, 12], all leveraging ground truth from simulated data. A large
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contribution to this was the availability of optical flow datasets.

Early datasets like Middlebury and FlyingChairs focused on small-scale, synthetic

scenes with simple motion patterns [2, 13]. More complex datasets such as MPI Sintel and

FlyingThings3D emerged to introduce realistic rendering, diverse motion and challenging

occlusions [8, 39]. To generalize applicability to real-world scenarios, datasets such as KITTI

and HD1K [18, 28] were introduced. These datasets leveraged high-precision LiDAR scanners

to estimate sparse optical flow ground truth. While obtaining ground truth optical flow

is possible in RGB domain, owing to precise renderers, the same is nearly impossible in

thermal domain due to lack of reliable simulators.

2.0.2 Thermal Imaging

Illumination invariance of thermal imaging has provided significant advantages over

visible counterparts in core computer vision tasks that include material classification [47, 9],

object detection [64, 56, 11, 10], reconstruction [44], depth estimation [43, 53, 52, 34, 51, 54]

and tracking [7, 75]. Unlike visible imaging, which relies on reflected light, thermal imaging

directly captures emitted radiation, making it robust to lighting variations and capable of

operating in complete darkness.

Thermal images su!er from fixed pattern noise [1], lack of texture and hence a

smooth monochromatic appearance, and ghosting artifacts with detectors with long time

constants, or large motion in the scene [3]. This particularly a!ects optical flow that relies on

nearly noise-free images with high amounts of texture in the scene. Many of these drawbacks

can be solved with a large pool of relevant thermal images. However, existing thermal image

datasets are woefully insu”cient to solve the problem of thermal optical flow.
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Unlike visible datasets, thermal datasets are sparse in both quantity and image

resolution. Some [6, 16, 62] address this limitation by synthetically converting visible images

to the thermal domain using generative models. Others [29, 30, 63, 55, 19, 23] focus on

collecting paired lwir-rgb images through stereo calibration or specialized optical hardware.

However, these datasets often lack the diversity, resolution, and temporal consistency required

for robust optical flow estimation, highlighting the need for a dedicated thermal optical flow

dataset.
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Chapter 3

Proposed Work

Our goal is to estimate the dense forward optical flow field F1→2 from thermal

image pairs (Iirt , I
ir

t+1) by learning an optimal function fω→ such that F1→2 = fω→(Iir1 , I
ir

2 ).

We learn the optimal parameters ω
↑ by finding argminL(ω). The global loss function L

combines occlusion-aware unsupervised losses from [57, 27] with our cross-modal supervision

and is defined as:

L(ω) = εphLph(ω) + εsmLsm(ω)︸ ︷︷ ︸
Unsupervised

+ εcrossLcross(ω)︸ ︷︷ ︸
Cross-modal supervised

(3.1)

We employ a combination of unsupervised photometric loss and supervised RGB

pseudo-labels. We achieve this by computing the endpoint error (EPE) between the predicted

thermal flow and the pseudo-labels generated from a pre-trained RGB optical flow model.

The EPE is defined as the charbonnier penalty of the di!erence between the two flow outputs:

Lcross(ω) =
1

HW

∑√
|F ir

1→2 → F rgb

1→2|2 + ϑ2 (3.2)
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Dataset Sync Calib FPS Thermal Res. RGB Res. (Mp) Videos

UCRT (ours) ✁ ✁ 60 640x512 1.57 1088
Caltech Aerial [29] ✁ ✁ 30 640x512 0.58 37

M3FD [30] ✁ ✁ - 640x512 0.76 -
FLIR ADAS [15] ✁ ✂ 24 640x512 0.76 8

Freiburg Thermal [63] ✁ ✁ - 640x512 1.25 41
PST900T [55] ✁ ✁ - 320x256 0.92 -
MFNet [19] - - - 320x256 0.31 -
KAIST [23] ✁ ✁ 20 320x256 0.31 41

Table 3.1: Comparing Datasets. Key attributes include synchronization (Sync), calibration
(Calib), frames per second (FPS), thermal resolution (Thermal Res.), RGB resolution (RGB
Res.) in megapixels (Mp), and the number of videos (Vids). Our dataset, UCRT, stands
out with the highest FPS, thermal resolution, and number of videos, making it the most
comprehensive for cross-spectral optical flow tasks.

where ϑ is a small constant used for numerical stability. This cross-spectral supervision

bridges the initial domain gap between RGB and thermal modalities.

Following [57] we apply the loss L(ω) to the intermediate predictions of the flow

network fω. Architectures like RAFT and FlowFormer++ iteratively refine intermediate

predictions at full resolution; therefore, for convergence, it is essential to apply the unsu-

pervised losses at the entire sequence. We exponentially decay the weight of these losses in

earlier iterations [61]. Lseq =
∑

N

i=1 ε
N↓iL↔, where N is the total number of flow iterations,

and ε is the decay factor. Our experiments use N = 12 and ε = 0.77.

For reliable optical flow prediction, two key factors are essential: high frame rates

and high resolution. High frame rates ensure temporal smoothness and reduce motion

ambiguities as shown in Fig. 3.1, enabling a more accurate tracking of fast-moving objects.

Similarly, high-resolution inputs preserve fine-grained details in the scene, as shown in

Fig. 3.2, which are crucial for capturing subtle motion patterns. Beyond these, robust
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60 FPS 30 FPS 15 FPS60 FPS
RGB Frame 1

Figure 3.1: Framerate influence. Predicted occlusion masks illustrate the gradual increase
in motion ambiguities as the frame rate decreases from 60 to 15 frames per second.

Low
[768x512]

High 
[1526x1024]

RGB Frame
[1526x1024]

Figure 3.2: Resolution influence. Optical flow visualizations show the loss of detail in
downsampled, lower-resolution input compared to the original higher-resolution input.

training of a cross-spectral optical flow model requires additional considerations. Spatial and

temporal synchronization across video frames is necessary to maintain consistency in motion

estimation, while diverse motion patterns in the training data help the model generalize to

various real-world scenarios. To accomplish this task, we collect the first RGB-Thermal high

resolution, high frame rate dataset with over 1000 diverse burst video sequences. As shown

in Table 3.1, our dataset is uniquely suited for training optical flow models.

Our dataset was collected across a diverse 600-acre campus space, which includes

9



Figure 3.3: Dataset Snapshot. The visualization above shows a snapshot of the diverse set
of images captured by our synchronized optical setup. We captured indoor scenes, outdoor
scenes, scenes with moving humans, with moving vehicles, day time, and night time. Our
dataset o!ers a significant contribution to computer vision in the thermal wavelengths.

varied terrains, visualized in Fig. 3.3. The data collection was performed using handheld

equipment, ensuring flexibility in capturing a wide range of dynamic motion and scenes.

The thermal images were captured in a 16-bit pre-automatic gain control (AGC) mode to

ensure that the raw data is preserved. The RGB data was downsampled from 3.1MP to

1.57MP for e”cient storage.

Let the dataset Ducrt be a collection of temporally and spatially aligned RGB-

LWIR videos {(V rgb

i
, V

lwir

i
)}N

i=0 consisting of ϖ consecutive frames where V M

i
= {IMt }ε

t=0 for

M ↑ {rgb, lwir} spectral modalities. For each video sequence, the thermal and color images

are spatially related by a homography transformation {Hi}, which aligns their respective

10



RGB 
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Thermal 
camera

RGB 
camera

Thermal 
camera Beamsplitter

Figure 3.4: Hardware Setup. Our optical setup consists of a FLIR Boson+ camera, and
a FLIR Blackfly S camera, both colocated with a dichroic mirror that transmits visible
wavelengths and reflects LWIR wavelengths. Both cameras are synchronized by an external
trigger generated by an Arduino at 60 frames per second.

coordinate systems. Therefore, each frame pair (I lwir
t , I

rgb

t
) includes:

• A thermal image I
lwir
t ↑ RH↗W

• A color image I
rgb

t
↑ RH↗W↗C

In the following sections, we will present our hardware setup, outline the synchro-

nization and calibration procedures, describe the data collection workflow, and conclude with

a comparative analysis against other RGB-thermal datasets. The optical imaging system,

illustrated in Fig. 3.5a, comprises an optical beamsplitter, a thermal camera, and a visible

camera. We use a BlackFly S 3.1 megapixel color machine vision camera with a 12mm focal

length lens and an uncooled Boson 14mm 32Fov thermal camera. A 52mm square indium

tin oxide (ITO) dichroic optical beamsplitter is mounted on a three-axis kinematic prism

platform, positioned perpendicularly to both the thermal and visible cameras. The purpose

of the beamsplitter is to transmit wavelengths from the visible band (400-800nm) of the

11



incident light and to reflect the thermal band (2000-14000nm). This coaxial configuration

eliminates any disparity by ensuring that there is no baseline between the two cameras,

therefore allowing their optical centers to coincide.

Halogen lamp
Calibration 

poster

(a)

ON

OFF

(b)

Figure 3.5: Calibration Setup. (a) A halogen lamp is positioned near a calibration poster
board. (b) When activated, the black squares absorb and emit more heat than the white
squares, creating a distinct checkerboard pattern in the thermal image.

With the goal of estimating optical flow in mind, we prioritize the acquisition

of high frame rates to minimize motion ambiguity between consecutive frames through

hardware-triggered temporal synchronization. We achieve this configuration by dedicating

an Arduino Uno to output a steady 25% duty cycle PWM signal at 60 Hz. At the rising

edge, both the RGB and LWIR cameras capture a frame, ensuring temporal alignment.

Following [55, 35], we perform spatial calibration using a 60x75 cm poster-printed

portable checkerboard target a”xed to a rigid pin board. We use a halogen bulb to heat

the poster paper as shown in Fig. 3.5 We frequently collect calibration data for each day

totaling over 600 images. We implement a robust calibration pipeline extending Zhang’s

12



classical checkerboard method [76]. Our process can be broken down into two stages, namely

correspondence detection and RANSAC optimization.

For correspondence detection, synchronized image pairs undergo spectral-specific

preprocessing. Then chessboard corners are detected in both modalities and any ambiguity

in ordering is resolved through mean squared error verification. We further refine the

homography estimation using RANSAC with adaptive iteration control. In each iteration,

N correspondence pairs are randomly sampled to compute a candidate homography Hk

via direct linear transform. The best homography H
↑ is selected based on maximal inlier

consensus.

13



Chapter 4

Experiments

To evaluate the e!ectiveness of our proposed thermal optical flow framework, we

conducted experiments using two state-of-the-art optical flow architectures: RAFT [61]

and FlowFormer++ [48]. For both networks, we use the AdamW optimizer and one-cycle

learning rate scheduler. The initial learning rate is set to 1e-4 with a weight decay of 1e-4

is used to regularize the model weights. We train the networks for 10k iterations using a

batch size of 4. We experimented with pretrained weights from multiple datasets, including

FlyingChairs, Sintel, KITTI and FlyingThings3D, and we report our findings in Table 4.1.

To initialize the networks, we use pretrained weights from the Sintel dataset, which provide a

strong starting point. Our results indicate that the weights pretrained on the Sintel dataset

are the most e!ective.

Our dataset is split into training, validation and test sets with an 80/10/10 ratio,

ensuring a balanced evaluation of the model’s performance. Before training, the RGB

images and their corresponding pseudo-optical flow labels are downsampled and warped

14



Method Census Charbonnier

T
h
in
gs RAFT-low 0.540 0.385

RAFT-high 0.427 0.360

C
h
ai
rs RAFT-low 0.546 0.434

RAFT-high 0.433 0.403

K
IT

T
I RAFT-low 0.548 0.400

RAFT-high 0.434 0.375

S
in
te
l

RAFT-low 0.538 0.383
RAFT-high 0.419 0.356

Table 4.1: Pretrained Models. Comparing optical flow at low resolution (768x512) with
high resolution (1536x1024) rgb inputs for di!erent supervised synthetic pre-trained weights
across the sintel (S), KITTI (K), FlyingChairs (C) and FlyingThings3D (T) datasets.

using a homography matrix to align them with the thermal images. The images are then

cropped to a resolution of 448↓ 512 to standardize the input size and reduce computational

overhead. To improve the robustness of the thermal optical flow model, we apply photometric

augmentations to the thermal input images. Specifically, we use contrast limited adaptive

histogram equalization (CLAHE) and sharpness adjustments, each applied randomly with

a 20% probability. Additionally, we pre-compute occlusion masks from high-resolution

RGB image pairs (Irgb
t

, I
rgb

t+1). These masks are used to identify regions where photometric

consistency cannot be enforced, ensuring that the model focuses on reliable regions during

training.

In the absence of ground truth optical flow, we rely on average endpoint error (EPE)

using high-resolution RGB optical flow. Additionally, we evaluate photometric consistencies

through the structural similarity index measure (SSIM), census transform, and generalized

Charbonnier photometric loss.
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𝒍𝒘𝒊𝒓 𝑷𝒓𝒆𝒕𝒓𝒂𝒊𝒏𝒆𝒅 𝑷𝒉𝒐𝒕𝒐𝒎𝒆𝒕𝒓𝒊𝒄 𝑷𝒔𝒆𝒖𝒅𝒐 𝑹𝑮𝑩 𝑮𝒓𝒐𝒖𝒏𝒅 𝑻𝒓𝒖𝒕𝒉

Figure 4.1: Qualitative Results. RGB and LWIR frames are shown alongside the outputs
of three methods: pretrained (no fine-tuning), photometric fine-tuning, and pseudo fine-
tuning, with RGB ground truth provided for reference. The Charbonnier metric (lower is
better) is included for quantitative evaluation. Across the examples, the pseudo fine-tuning
approach demonstrates superior performance, supported by the lowest Charbonnier scores.

Method EPE 1px 3px 5px

Pseudo 1.374 0.620 0.904 0.930
Photometric 1.583 0.646 0.904 0.930
Pre-Trained 1.407 0.681 0.896 0.927

Table 4.2: Quantitative Results. End-point error (EPE) and accuracy thresholds (1px,
3px, 5px) are reported for three methods: Pseudo fine-tuning, Photometric fine-tuning, and
Pre-Trained (no fine-tuning). Lower EPE values indicate better performance, while higher
accuracy values are preferable. The Pseudo fine-tuning method achieves the lowest EPE,
demonstrating its e!ectiveness.

We compared the compared the performance of RAFT and FlowFormer++ under

di!erent settings, including the use of pretrained weights and our unsupervised cross-modal

fine-tuning strategy.

We conducted an ablation study to evaluate the impact of cross-modal supervision

on RAFT’s performance. As shown in Table 4.2, leveraging pseudo-labels generated from

pre-trained RGB models significantly enhances the model’s performance. Our experiments

reveal that pseudo fine-tuning converges to optimal performance when assessed using both

photometric and supervised metrics.

16



Furthermore, Figure 4.1 provides a qualitative comparison between RGB and LWIR

optical flow predictions. The results demonstrate that the pseudo fine-tuned framework

produces accurate and consistent flow fields in the thermal domain, underscoring the

e!ectiveness of our cross-modal supervision approach.
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Chapter 5

Conclusions

In this work, we introduce the first thermal optical flow network, addressing a

significant gap in the field. We present a novel high-resolution, high-frame-rate RGB-thermal

dataset, consisting of over 1,000 diverse scenes to enable robust training and evaluation.

Our cross-spectral supervision strategy leverages pre-trained RGB models to generate

occlusion masks and pseudo-labels, e!ectively bridging the domain gap between RGB and

thermal modalities. By combining unsupervised learning with RGB pseudo-supervision, we

demonstrated improved performance in challenging conditions where traditional methods

struggle. Our experiments with RAFT and FlowFormer++ architectures highlight the

e!ectiveness of our approach, showcasing its potential for real-world applications. This work

lays the foundation for further research in thermal optical flow, o!ering a new baseline.
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