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ABSTRACT

This paper presents an approach to pedestrian detection in
thermal infrared (thermal) images with limited annotations.
The key idea is to adapt the abundance of color images asso-
ciated with bounding box annotations to the thermal domain
for training the pedestrian detector. To this end, we couple a
domain adaptation component that consists of a pair of image
transformers with a pedestrian detector in the thermal domain
and train the entire network end-to-end. The image trans-
formers act as a data augmentation tool that progressively im-
proves synthetic examples on the fly for training the pedes-
trian detector. To aid the training process, we introduce a de-
tection loss defined on both real thermal images and synthetic
thermal images transformed from the color domain. The pro-
posed detector outperforms existing methods on the thermal
images from the KAIST detection benchmark [1].
Keywords: pedestrian detection, synthetic image, thermal
image, and deep learning.

1. INTRODUCTION

Pedestrian detection in color images is an active research
problem, for which solutions range from hand-crafted feature
design [6, 2] to end-to-end learning [7, 8, 9, 10, 11]. In addi-
tion, numerous methods have been studied to tackle difficult
aspects of the problem such as object occlusion [12], person
scale [13], or challenging illumination condition [14], low
image quality [15].

However, the pedestrian detection problem suffers from a
performance bottleneck in low-lighting conditions, e.g.night
time, where images lack contrast. Under such a circumstance,
cues for human presence such as body shape, silhouette and
clothing textures are subject to the sensitivity of the imaging
sensors. On the other hand, long-wave infrared (thermal) sen-
sors, which are designed to measure object temperature, are
able to capture clearly visible human bodies in thermal im-
ages over a wide range of weather conditions, irrespective of
the illumination variations [16]. In Figure 1, we show that
pedestrian detection at night time is more accurate in the ther-
mal image (left) than in the color image (right). These de-
tection results are obtained on a test scene from the KAIST
dataset [1] by two identical Faster RCNN [17] models trained
separately on color and thermal images. When evaluated on
the night-time KAIST test set, the color model incurs a log-
average miss-rate of 80.56%, which almost doubles that of
44.88% for the thermal counterpart.

Work is conducted during an internship at Amazon Lab126.
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Fig. 1: During night time, pedestrians detections (red) are
more accurate in the thermal image (right) than the color im-
age (left). Ground truth boxes are shown in green.

Therefore, combining the complementary cues offered by
both color and thermal image modalities is a straightforward
approach to improve the data quality under poor lighting con-
ditions for detection purposes [18, 19, 20, 21, 22, 23]. How-
ever, the deployment of multi-spectral (color and thermal)
imaging setups is either expensive (using a special four chan-
nel sensor), or cumbersome (requiring the precise alignment
and registration of two images) for practical use. Moreover, it
has been shown that under poor illumination conditions, the
thermal modality is superior to color and fusing both modal-
ities offers no improvements in detection accuracy over ther-
mal images alone [24, 23].

Hence, it is imperative to tackle the pedestrian detection
problem using only thermal images for practical applica-
tions. This problem is especially important in poor/low
lighting conditions, where thermal infrared imaging offers
better contrast and human body saliency than color imaging.
However, the literature on pedestrian detection using solely
thermal images is not as developed as that with color, in-
cluding only a handful of methods using generic background
modeling and segmentation [25, 26, 27], hand-crafted fea-
tures [28, 29, 24, 30], dictionary learning [31] and fine-tuning
on preprocessed data [32].

In this paper, we propose one of the first methods to ad-
dress the visual detection problem for a domain with limited
bounding box annotations. The domain adaptation mecha-
nism makes use of unannotated images in both the source
and target domains without requiring image pairs with spa-
tial alignment. We tackle the domain shift between thermal
and color images by learning a pair of image transformers
(inspired by CycleGAN [33]) to convert images between the
two modalities, jointly with a pedestrian detector. The im-
age transformers act as a data augmentation and a domain
adaptation component, which progressively refines synthetic
examples for training the pedestrian detector.



Fig. 2: Training of the domain adapter.

2. TRAINING PEDESTRIAN DETECTIOR IN
THERMAL IMAGES DOMAIN

2.1. High-Level Overview

Suppose that we are given a training set of supervised (la-
beled) thermal images ST , {(xT ,bT )}, where xT is a ther-
mal image and bT is its associated ground truth pedestrian
bounding boxes. In addition, we also have access to an unan-
notated set of thermal images. Our goal is to train a pedestrian
detector FT in the thermal image domain, which maps a novel
thermal image xT to a set of pedestrian bounding boxes bT .
Let us assume the availability of a large set of annotated color
images SC , {(xC ,bC)}, where bC is the set of ground
truth bounding boxes in the image xC . Let DC and DT be
the union of all annotated and unannotated color and thermal
images, respectively.

2.2. Adversarial Data Adaptation

The image adaptation component consists of a pair of image
generators GT : DC → DT and GC : DT → DC , that trans-
form color to thermal images and vice versa, respectively.
These generators augment realistic images for the detection
task, by fooling a pair of color (DC) and thermal (DT ) image
discriminator. At the same time, the discriminators strive to
distinguish real from synthetic samples in the respective do-
main. Figure 2 depicts the architecture of the domain adapter.

Let the generators GC and GT be expressed as functions
with parameters φC and φT . Likewise, the discriminators
DC : DC → [0, 1] and DT : DT → [0, 1], parameterized
by θC and θT , assign a label of 1 to real images and a la-
bel of 0 to synthetic ones. While the discriminator is aimed
to maximize the cross-entropy loss, the generator’s goal is to
minimize it in order to confuse to the discriminator. The ad-
versarial training objectives in the color and thermal domain,
i.e.LadvC and LadvT , respectively, can be formulated as a mini-
max optimization problem as below.

min
φC ,φT

max
θC ,θT

LadvC ,ExT∈DT
log (1−DC(GC(xT ;φC)); θC)

+ ExC∈DC
logDC(xC ; θC)

(1)

min
φC ,φT

max
θC ,θT

LadvT , ExC∈DC
log (1−DT (GT (xC ;φT )); θT )

+ ExT∈DT
logDT (xT ; θT )

(2)

In addition, we enforce a cycle consistency constraint on
the pair of generators GC and GT , similar to [33]. In other
words, a forward transformation GT of a color image xC into
the thermal domain by, followed by a backward transforma-
tion GC to the color domain, should produce an image close
to the original. Similarly, the successive transformations of a
thermal image xC into the color domain and then the thermal
domain should recover the original thermal image. The cycle
consistency losses in both domains are:

LcycC , ExC∈DC
‖GC(GT (xC ;φT );φC)− xC‖1

LcycT , ExT∈DT
‖GT (GC(xT ;φC);φT )− xT ‖1 (3)

where ‖ · ‖1 denotes the `1-norm.
In summary, the total data adaptation loss (from the color

to thermal domain and vice versa) is

Ladapt , LadvC + LadvT + LcycC + LcycT (4)

2.3. Pedestrian Detection in Thermal Images

We train the thermal detector by minimizing the average
detection loss LdetT (FT (xT ;ωT ),bT ) defined per annotated
thermal image, where ωT is the parameters of the detector
FT .

The detection loss over the real thermal images is

LdetT (ST ) , E(xT ,bT )∈STL
det
T (FT (xT ;ωT ),bT ) (5)

Next, we augment the training data for the thermal detec-
tor with the set of annotated color images SC . To commence,
we transform the color image xC to its pseudo-thermal ver-
sion x̃T , GT (xC ;φT ) using the image transformer GT .
Subsequently, we transfer the set of bounding boxes bC asso-
ciated with the color image xC to the pseudo-thermal image
x̃T . As a result, we obtain a set of synthetic thermal images
with associated pedestrian bounding boxes, which is denoted
by PT , {(x̃T ,bC)}. The detection loss defined on the syn-
thetic thermal images is formulated as

LdetT (PT ) , E(xC ,bC)∈SCL
det
T (FT (x̃T ;ωT ),bC), (6)

where x̃T = GT (xC ;φT ).
We feed both real and synthetic thermal images into the

thermal pedestrian detector, and train it by minimizing the
total detection loss

LdetT = LdetT (ST ) + LdetT (PT ) (7)

2.4. Training Strategies

The first training strategy is a two-stage approach, as depicted
in Figure 3. Here, we train the domain adapter (shown in
Figure 2) on unpaired color and thermal images (without an-
notations) for a certain number of epochs. We then combine
the synthetic images, together with the bounding boxes trans-
ferred from the original images, with the real annotated ther-
mal images to form a mixed dataset for training the detector.



Fig. 3: Training of the detector with synthetic thermal images
generated by a trained domain adapter.

Fig. 4: Joint training of the domain adapter and the pedestrian
detector in the thermal infrared domain.

We also explore the joint training of the domain adapter
and the pedestrian detector in an iterative manner, as illus-
trated by Figure 4. The main difference from the two-stage
approach is that the detection loss back-propagates its gra-
dients to the color-to-thermal transformer GT . In addition,
synthetic thermal images are generated on the fly, and mixed
with real thermal images for the training of the detector.

3. EXPERIMENTS

3.1. Datasets

In our experiment, we focus on boosting the detection accu-
racy on the thermal images from the KAIST dataset [1] which
contains 12 video sequences captured under various illumina-
tion conditions at both day time and night time. The captured
frames have a resolution of 512 × 640 with 103, 128 bound-
ing boxes of people labeled as person, person? (person with
uncertainty), people (group of people) or cyclist. We demon-
strate our method by taking the Caltech dataset [2] as the
source domain and adapt its large number of annotated color
images for training purposes. We report the log-average miss
rate (MR) across different False Positives Per Image (FPPI) in
the range of [10−2, 101], with person as the foreground class.

To train the pedestrian detector, we follow the process
described by [18] to obtain 7668 training thermal images,
(i.e.|ST | = 7668) and 2252 test thermal images with clean
annotations from the KAIST dataset [1]. In addition, we take
122, 187 color images from the Caltech dataset [2] with at
least an annotated pedestrian bounding box as training data
(i.e.|SC | = 122, 187), and transform them into thermal im-
ages as additional data for training the detector.

Color Real Thermal Synth. Thermal
Fig. 5: Synthetic thermal image generated from color images
in the KAIST test set.

Color Synth. Thermal

Fig. 6: Sample synthetic thermal image transformed from the
Caltech dataset.

3.2. Sample Synthetic Thermal Images

In Figure 5, we show synthetic thermal images (in bottom
row) generated from color images in the KAIST test set (top
row), in comparison with the true synthetic images (middle
row). In the synthetic images, there is sufficient contrast
between the pedestrians and the background for a human
observer to easily detect the salient features of human bod-
ies. Although the synthetic images appear brighter than the
ground truth, our analysis shows that they differ by a scaling
factor. Further, this difference between synthetic and true
images can be absorbed by a normalization operation during
the preprocessing of training data for the detection task. The
same trend is also observed in the Caltech dataset (Figure 6)
when we transform color images from this dataset to the
thermal modality.

3.3. Comparison with existing methods

We name the proposed model trained in two stages as
VGG16-two-stage and the one obtained by the joint train-
ing of the domain adapter and the detector as VGG16-joint.
We compare these models with a vanilla Faster-RCNN de-
tector, i.e. VGG16-thermal, that has been trained on thermal
images with a VGG-16 backbone. In addition, we considered
prior pedestrian detectors in the thermal domain [30, 32, 24]
and several variants of ACF [2] with different hand-crafted
features [1], a domain-invariant detector [34], and a multi-
task network for semantic segmentation and pedestrian de-
tection [14].

In Figure 7, we plot the miss rate (MR) versus false posi-
tives per-image (FPPI) in the log-log scale (lower curves im-
ply better accuracy). The miss rates for various methods are
also reported in Table 1, where results for the methods in [30,
32, 24] were taken directly from the respective papers.

Both proposed methods, i.e.VGG16-joint and VGG16-
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Fig. 7: The miss rate versus false positives per-image (MR vs. FPPI) plots for the proposed and prior methods on the Reasonable
test set. Left to right panels: plots for all test images, day-time only, and night-time only subsets.

Table 1: Performance of the proposed models (VGG16-joint
and VGG16-two-stage) and state-of-the-art methods, in terms
of the log-average miss rate.

overall day night
ACF-T 61.04 65.85 48.13
ACF-T-TM 61.07 65.82 48.74
ACF-T-HOG 60.09 64.23 49.49
ACF-T-TM+TO 61.82 66.01 50.00
ACF-T-TM-THOG 59.53 64.22 47.15
ACF-T-TM-TM+TO 63.25 67.66 52.03
ACF-T-THOG-TM+TO 57.23 61.58 45.98
ACF-T-TM-THOG-TM+TO 58.83 63.03 47.29
Herrmann et al. [32] 69.81 - -
TΠHOG-IKSVM-cell2 [30] - - 56.85
HOG-LBP+RF [24] - 65.70 53.50
VGG16-thermal 58.26 63.90 44.88
VGG16-rgb-thermal 57.88 59.36 42.13
DA-FRCNN [34] 59.98 60.00 60.05
SDS-RCNN [14] 58.98 65.36 43.71
VGG16-joint 51.09 56.81 37.18
VGG16-two-stage 46.30 53.37 31.63
ResNet50-two-stage 43.43 51.25 27.04
ResNet101-two-stage 42.65 49.59 26.70

two-stage, consistently outperform prior methods across both
day-time and night-time subsets and overall. The improve-
ment of miss rate is more pronounced in the night time
images than the day time subset. For night images, VGG16-
two-stage achieves a reduction of more than 12% compared
to the best baseline, i.e.SDS-RCNN (with an MR of 43.71%),
whereas across day images, its lead over the best baseline
(ACF-T-THOG-TM+TO feature with an MR of 61.58 %) is
only over 8%. The best overall baseline, i.e.ACF-T-THOG-
TM+TO trails behind the VGG16-two-stage model by nearly
11%. Further, the miss rate for the two-stage approach de-
creases with a deeper backbone network, reaching 43.43%
with Resnet-50 and 42.65% with ResNet-101. Figure 8 qual-
itatively illustrates the detection output on a sample image
where ground truth boxes are plotted in green, detections are
in red boxes with confidence scores.

80.9%
65.1%

T-TM-THOG-TM+TO[1]

69.2%66.9%
62.7%

T-THOG-TM+TO [1]
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78.1%

SDSRCNN [14]

63.5%

VGG16-thermal

97.3%

89.4%

88.6% 54.4%
50.7%

VGG16-two-stage

Fig. 8: Detection results obtained by the proposed VGG16-
two-stage approach in comparisons to previous methods.

4. CONCLUSION

Pedestrian detection in thermal images is challenging prob-
lem because of the scarcity of training data. We have pro-
posed an image-level domain adaptation method that har-
nesses an abundant amount of data from the color domain to
push the performance envelop beyond state-of-the-art meth-
ods. The proposed method delivers promising results, reduc-
ing the log-average miss rate by more than 12%.
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