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ABSTRACT. At present, the older population is the fastest-growing segment of the driving
population, which has led to higher rates of traffic accidents. Data on the number of casu-
alties in accidents involving pedestrians and motor vehicles during the day and at night
indicate that the proportion of fatalities is significantly higher at night. Consequently,
focusing on the traffic safety of the elderly, reducing the occurrence of nighttime traffic
accidents, and promoting sustainability are crucial for Japan, which faces the challenge
of becoming a “super-aging” society. Thus, we propose a system to support the safety
and security of pedestrians and drivers using infrared thermal imaging data at night. In
previous studies, we developed methods to detect pedestrian actions using a novel convolu-
tional neural network (CNN)-based model, specifically VGG16. In this study, we propose
improvements to an existing detection method using an improved Faster R-CNN model to
detect vehicles and recognize human actions in real time at night. We acquired new video
data demonstrating multiple human actions related to distant target objects captured by
the infrared thermal camera. These data can be used to investigate vehicle detection and
action recognition in scenes involving multiple humans using transfer learning. We ex-
perimentally evaluated the performance of our method in terms of the detection accuracy,
and the results indicate that our proposed method achieved a mean average precision of
0.97 in detecting actions in scenes with multiple people positioned far from the camera.
It exhibited superior accuracy compared to conventional methods.

Keywords: Vehicle detection, Human action recognition, Infrared image, Nighttime,
Faster R-CNN

1. Introduction. Population aging has become a notable and common demographic
phenomenon in most countries. In Japan, the number of people aged 65 years and older
has increased rapidly in recent years, with the elderly population accounting for 29.1% of
the total population by 2023, which is the highest proportion in history [1]. Japan has
one of the most rapidly aging populations in the world. According to statistics from the
United Nations and other international organizations, Japan consistently ranks highest in
terms of the aging population. In addition, life expectancy in Japan is among the highest
globally, with women living an average of over 87 years and men over 81 years. These
factors exacerbate the aging population issue, making Japan a significant reference point
for global research and strategies to address aging [2].

The rapid development of road traffic systems in modern society, coupled with an
aging population, has made traffic safety a particularly prominent issue in Japan as a
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country with a substantial proportion of elderly people. As people age, their physiological
functions decline, leading to deteriorating vision and hearing, and slower reaction times.
These changes affect their ability to make timely judgments regarding road conditions
and traffic situations. Elderly drivers often have diminished driving skills and physical
capabilities compared to younger drivers, making them more prone to operational errors
in complex traffic conditions. Moreover, older adults may struggle to adapt to new traffic
regulations and technologies, posing additional traffic safety risks. Therefore, as the aging
population continues to grow, increasing focus is placed on addressing the traffic safety
needs of older adults. According to the Japanese National Police Agency, drivers aged 75
years and older caused 460 fatal road accidents in Japan in 2018. Moreover, the proportion
of such accidents increased from 8.7% to 14.8% over the past 10 years [3]. In particular,
in the intricate conditions of nighttime settings, the increased likelihood of fatal accidents
is two to four times higher than that in daytime scenarios [4]. In addition, the diminished
levels of ambient light in nighttime road environments have emerged as a significant
contributing factor in accidents involving pedestrians, cyclists, and other low-contrast
obstacles. Reduced visibility is more likely to be a leading cause than driver fatigue or
alcohol consumption [5]. The high population density leads to frequent road congestion,
particularly in major cities such as Tokyo. A significant amount of vehicle and pedestrian
traffic exists even at night. Elderly drivers are more likely to be involved in traffic accidents
compared to other age groups, especially in complex nighttime traffic environments. In
addition, the walking abilities of elderly individuals decline, making them more prone to
falling or failing to avoid oncoming vehicles when crossing the road [1]. Therefore, a need
exists for high-precision detection of human behavior and traffic environments, such as
the real-time detection of vehicles and pedestrians and recognition of pedestrian actions.
By recognizing the actions of vehicles and pedestrians, the safety of road users can be
effectively addressed, reducing nighttime traffic accidents and preventing incidents. This
approach is crucial for the sustainable development of societies that face the challenges of
a “super-aging” population, such as Japan, and is vital for the development of intelligent
transportation systems globally [6].

Methods for reducing nighttime vehicle accidents and fatalities have been investigated
in previous studies. For instance, researchers introduced a new approach using the Hough
transform to extract speed limit signs and identify them through template matching. The
experimental results validated the high sensitivity of this method in detecting changes in
the status of nighttime speed limit signs [7,8], making it applicable to accidents resulting
from speed violations at nighttime. However, to reduce traffic accidents significantly, de-
tecting not only the behaviors of pedestrians on the road but also those of moving vehicles
is imperative. Therefore, the researchers proposed a VGG16-based detection method for
human action analysis in various environments under varying conditions (illumination and
temperature) at nighttime [9]. Although high accuracy has been observed in pedestrian
detection in previous studies, some limitations remain. For example, considering image
data that are obtained under various weather conditions, such as rain or snow, is essential
for practical use. In addition, achieving distant target recognition and real-time detec-
tion is crucial for enhancing pedestrian safety. A comprehensive investigation of nighttime
human action has not yet been conducted.

In recent decades, deep-learning models have achieved significant success in reducing
vehicle traffic accidents and deaths due to nighttime driving environments. In particular,
deep-learning models employing convolutional neural networks (CNNs) have proven to be
powerful tools that do not require manual feature extraction [10]. For example, Zhang et
al. developed a dual-anchor region-based CNN (R-CNN) to capture paired body and head
parts and detect humans within a crowd [11]. Farid et al. used the concept of transfer
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learning by fine-tuning the weights of the pretrained YOLOv5 architecture, which has
outperformed several traditional vehicle detection methods [12]. However, most of these
studies utilized visible-light images to train the models, neglecting the complexities of
road environments such as lighting changes, insufficient imaging light, shadows, back-
ground noise, and object occlusion. Consequently, these approaches have low detection
performance for images containing ambiguous or noisy features, especially in nighttime
driving environments [13,14]. Farooq et al. proposed the simple, fast, and efficient SIFR-
CNN framework for detecting nighttime pedestrian actions. However, this approach does
not effectively reduce noise in nighttime images and lacks specific evaluations for pedestri-
an detection at varying distances [15]. Therefore, we considered these issues in our study
by using a thermal infrared camera to capture nighttime thermal infrared images to re-
duce noise. In addition, we systematically improved methods for long-range multitarget
detection and real-time recognition.

The principles of vehicle detection and human action classification are similar to those
for object detection. Iftikhar et al. surveyed deep-learning approaches for pedestrian de-
tection in autonomous vehicles. Furthermore, it was verified that Faster R-CNN achieved
better results in the evaluation metrics of low-attribute images, with an accuracy as high
as 0.919 [16]. Arora et al. proposed a method for detecting moving vehicles using a fast
region-based convolutional neural network with an overall average accuracy of 94.35% at
nighttime [17]. Therefore, in this study, we used an improved detection method with a
Faster R-CNN model based on the ResNet-50 network architectural approach to detect
vehicles and recognize human actions in real time at nighttime. Furthermore, we acquired
new video data showing multiple human actions for target objects far (15 m, 20 m, 25 m,
and 35 m) from the infrared thermal camera to investigate vehicle detection and action
recognition in scenes with multiple humans using transfer learning.

The methods and results of this study are applicable to vehicle detection and pedes-
trian action recognition in urban road traffic environments. The tested thermal infrared
imaging technology and enhanced models exhibit robust detection capabilities, which are
effective across various temperature and distance conditions. These advancements offer
the potential to enhance nighttime traffic safety significantly, reducing the occurrence of
nighttime traffic accidents.

In summary, the main contributions of this paper are summarized as follows.

1) An outdoor environment nighttime database was created using an infrared thermal
imaging camera. The established datasets consist of 15,184 images capturing vehicle
and human action patterns (standing, squatting, bending, and walking) at distances
ranging from 15 m to 35 m.

2) We propose an improved Faster R-CNN model based on the ResNet-50 architecture
using transfer learning. We also suggest adjusting the confusion region anchor box sizes
for each object, specifically 64 x 64, 128 x 128, 256 x 256, and 512 x 512 pixels, to
address significant distances (15 m, 20 m, 25 m and 35 m) from the camera.

3) In a complex nighttime environment, the proposed approach exhibited effectiveness in
vehicle detection and human action recognition, achieving a mean average precision
(mAP) of 0.97. Notably, the approach performed well at significant distances in the
range of 25 m to 35 m from the camera, surpassing CNN (VGG16), Multi-task Faster
R-CNN [18] and YOLOv5 [19-21] with improvements of 53.50%, 33.72%, and 15.33%,
respectively.
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2. Experiment and Data Used.

2.1. Camera. In contrast to images that are captured during the day, lighting conditions
in outdoor environments at night can vary significantly owing to factors such as the
presence of streetlights and vehicle headlights. In this study, an infrared thermal imaging
camera (manufactured by D-Eyes Co., Ltd., “ultra-high sensitivity 4 far-infrared” 2-in-1
camera WCAMO001-AU, 640 x 480 pixels) [22] was used to acquire video data in an outdoor
environment at night. This camera is equipped with two sensors: an ultra-high-sensitivity
camera and a far-infrared camera, allowing the simultaneous independent recording of
images. The external view of the equipment is shown in Figure 1(a).

(2)

FIGURE 1. Equipment and data-acquisition environment: (a) External
view of the infrared thermal imaging camera (standard type); (b) data-
acquisition environment

Figure 1(b) shows the experimental environment. Owing to the difficulty of recruiting
elderly volunteers in a school setting, most participants in our study were students in
their 20s. This practical decision was made to facilitate the collection of necessary data to
validate the effectiveness of our methods. Thus, although the background of our research
highlights traffic safety issues arising from an aging population, the initial experiments
were conducted with younger participants. The intention was to ensure the efficacy of
our approach with this demographic before applying it to older individuals in future
studies. Although the participants did not include elderly individuals, the insights gained
from these experiments are expected to provide a foundation for subsequent research
targeting the elderly population, who are more directly impacted by the traffic safety
issues discussed.

The data used in this investigation were acquired in accordance with ethical regulations
concerning human studies at Akita University, Japan.

2.2. Data acquisition.

2.2.1. Data used in the pretrained model. In the proposed method, transfer learning was
adopted using a pretrained model. To obtain the data used in the pretrained model, we
enrolled four participants of East Asian descent, including two males and two females
in their 20s (males: 22 years old, 27 years old; females: 21 years old, 22 years old). To
consider pedestrian actions, data were acquired at night with the participants standing,
squatting, bending, and walking individually. Standing, squatting, and bending actions
were captured from camera positions in front, behind, to the left, and to the right of the
participants from a range of 10.0 m. Walking actions were recorded with the participants
5 m to 15.0 m from the camera from front and back views. Figure 2 shows an example of
the pretrained model data.
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FIGURE 2. Sample of pretrained model data

FIGURE 3. Sample of additional model data

2.2.2. Additional data in improved model. Figure 3 shows an example of the additional
data. To analyze the actions performed by multiple humans at night, we acquired new
video data on human actions in scenes with more than one person using an infrared
thermal camera as additional data. The vehicle motion and two to three subjects were
captured (two males and two females in their 20s; males: 22 years old, 27 years old,;
females: 21 years old, 22 years old). The process of additional data collection was as
follows.

1) At 15 m from the camera, the action patterns (squatting and bending) of the two
subjects were captured.

2) At 15 m from the camera, the action patterns (squatting and bending) of the three
subjects were captured.

3) At 25 m from the camera, the action patterns (squatting and bending) of the two
subjects were captured.

4) At 25 m from the camera, the action patterns (squatting and bending) of the three
subjects were captured.

5) After completion of the actions in 1) and 2), the action patterns of the subjects walking
(from 15 m to 20 m from the camera) and standing (including vehicle movement) were
captured.

6) After completion of the actions in 3) and 4), the action patterns of the subjects walking
(from 20 m to 25 m from the camera) and standing (including vehicle movement) were
captured.

2.2.3. Further distance image data. We used additional image data captured at greater
distances to validate the effectiveness of our method for further object detection. The data
acquisition environment is shown in Figure 4. The data collection involved four subjects
performing four different patterns at a range of 25 m to 35 m from the camera. The
subjects included Subject I (male, squatting), Subject II (male, bending), Subject 111
(male, squatting), and Subject IV (female, bending). All subjects were of East Asian
descent and in their 20s (males: 22 years old, 23 years old, 27 years old; female: 22 years
old). The following motion patterns were captured:

1) The action patterns of two subjects (Subject I: squatting, Subject 1I: bending);
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FIGURE 4. Further distance image data

2) The action patterns of three subjects (Subject I: squatting, Subject II: bending, and
Subject I1I: squatting);

3) The action patterns of four subjects (Subject I: squatting, Subject II: bending, Subject
I1T: squatting, and Subject IV: bending);

4) Following the completion of the motions described in patterns 1), 2), and 3), the
subjects were instructed to walk from 35 m to 25 m from the camera and stand upright.

3. Analysis Method.

3.1. Overview of the analysis method. A flowchart of the proposed method is pre-
sented in Figure 5. The thermal infrared camera used in this study displays a temperature
bar in the captured images. Therefore, it was necessary to reduce the noise from the im-
ages in the deep-learning model. First, the temperature bar regions in the original image
were removed. Subsequently, the Labellmg tool [23] was used to label the human actions
and vehicles to construct an annotated dataset. In addition, a Faster R-CNN model was
implemented using the ResNet-50 [24] backbone as the underlying architecture. This mod-
el was pretrained on a large dataset (Section 2.2.1) and used for transfer learning, which
involved fixing the weights of the pretrained model to utilize them for feature extraction.
Finally, the sizes of the anchor boxes produced by the Faster R-CNN model were adjusted
and the transfer learning model was trained using additional data. We then evaluated the
accuracy of the proposed method for detecting vehicles and recognizing human actions
(standing and walking) using the obtained model.

3.2. Dataset processing in pretrained model. The dataset of infrared images used
for the pretrained model included 6,079 images and was manually labeled using Labellmg.
An annotated dataset was created from these labeled images and divided into sets of 4,257
and 1,822 images for training and validation, respectively. The additional data comprised
1,651 images, which were similarly divided into sets of 1,320 and 331 images for training
and validation, respectively.

3.3. Improving Faster R-CNN model. To generate feature maps from the input in-
frared images, we used the ResNet-50 network as the backbone of the Faster R-CNN
model to extract image features. The proposed method accommodates the detection of
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new objects at varying distances (15 m, 20 m, and 25 m) from the camera. We propose
adjusting the recognition anchor box sizes for each object with confusion regions of 64 X
64, 128 x 128, 256 x 256, and 512 x 512 pixels in the infrared images. The training model
was frozen to reduce the learning time, and the number of training epochs was set to 50
for both the frozen and unfrozen training.

3.4. Transfer learning in the improved Faster R-CNN model. Transfer learning
can improve the training speed while maintaining the vector values and weights of a
pretrained model. We applied this approach to transfering the learning of a model trained
using our previous method. This process is illustrated in Figure 6. The pretrained model
was trained using the large dataset described in Section 2.2.1. We used the vector values
and weights from the pretrained model as a feature extractor to retrain our additional
data, as described in Section 2.2.2 using the improved Faster R-CNN model architecture.
During this process, the weight of the pretrained model was frozen and training was
performed for 50 epochs.

4. Experiment.

4.1. Implementation. The proposed model was trained for 100 epochs using an Intel
Core i7-9700k 3.6 GHz processor with an NVIDIA GeForce RTX 2080 Ti 27GB GPU,
and the Python programming language and PyTorch learning framework were used. The
average success rates for the best number of training iterations were calculated using
the improved Faster R-CNN model. For transfer learning, we used a large dataset (6,079
thermal infrared images) as training data to calculate the weight vectors in the pretrained
Faster R-CNN model. Subsequently, we used the weight vectors in the proposed improved
Faster R-CNN model and trained the improved Faster R-CNN model using additional
data (Section 2.2.2). To evaluate the trained Faster R-CNN model, a testing dataset of
1,904 images was constructed using additional data on five patterns: actions with multiple
humans standing, squatting, bending, and walking, as well as vehicle motion. The results



1580 Y. LIU, K. MATSUI, Y. KAGEYAMA, H. SHIRAI AND C. ISHIZAWA

Pretrained model Transfer learning model

Model frozen ], | ransferlearning Model frozen |,
1

Pretrained
data

I
I
1
I
I
L

F1GURE 6. Transfer learning in Faster R-CNN model

of the improved Faster R-CNN model were assessed in terms of the F1, recall, precision,
AP, and mAP and were compared with the results of the normal Faster R-CNN model
[25]. In addition, to validate the effectiveness of our method for object detection further,
we used the additional further distance image data (Section 2.2.3) and employed several
object detection and recognition model methods including CNN (VGG16), Multi-task
Faster R-CNN, and YOLOv) as baselines for comparison with our approach.

4.2. Comparison results with normal Faster R-CNN. To evaluate the proposed
approach, we compared it with a normal Faster R-CNN model using additional data.
Each model was evaluated using a test dataset. Tables 1 and 2 present the results of the
evaluation.

Based on the patterns presented in Table 1, the normal Faster R-CNN model recognized
the standing (AP: 0.18), walking (AP: 0.07), and vehicle (AP: 0.51) patterns relatively
poorly and was ineffective in identifying actions in scenes with multiple people. Converse-
ly, as indicated in Table 2, the AP was improved by approximately 0.77, 0.90, and 0.47 in

TABLE 1. Evaluation results for normal Faster R-CNN

Pattern  F1 Recall Precision AP

Standing 0.37  0.38 0.36 0.18
Squatting 0.88  0.98 0.79 0.88
Bending 0.86 0.95 0.77 0.92
Walking 0.20 0.15 0.27 0.07
Vehicle 0.54 0.69 0.43 0.51

mAP 0.51

TABLE 2. Evaluation results for proposed approach

Pattern F1 Recall Precision AP
Standing 0.95 0.96 0.93 0.95
Squatting 0.98  0.99 0.96 0.99
Bending 0.98 0.98 0.97 0.98
Walking 0.96 0.97 0.95 0.97
Vehicle 0.98 0.98 0.97 0.98
mAP 0.97
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recognizing standing and walking actions and detecting vehicles, respectively, using the
proposed approach. Furthermore, the proposed method exhibited higher accuracy than
the normal Faster R-CNN model, with an mAP of 0.97. Figure 7 shows the detection
results of the normal Faster R-CNN model and the proposed approach. Owing to the
complex background features in the images and the significant distance from the camera,
the intermediate layers extracted erroneous image features, as shown in Figure 7(a). It
was difficult for the normal Faster R-CNN model to recognize the human object 20 m
from the camera, the obtained detection boxes exhibited numerous outlying areas, and
the model failed to detect vehicles and humans at a significant distance (15 m, 20 m,
and 25 m) from the camera accurately, as shown in Figures 7(a) and 7(b). However, as
can be observed from Figures 7(c) and 7(d), the proposed approach detected humans and
vehicles effectively in accurate detection boxes at a significant distance from the camera,
accurately detected objects and further recognized their action 20 m from the camera
(Figure 7(c)) and accurately detected human and vehicle areas in the detection boxes
(Figure 7(d)). This demonstrates that the proposed method was effective in identifying
actions in scenes with multiple people and could detect human actions and vehicles with
an mAP of 0.97 by using the feature values obtained in the transfer learning and confusion
region recognition anchor boxes generated by the improved Faster R-CNN model.

(a) False detection of humans (20 m) (b) False detection of vehicles

(¢) Accurate detection of humans (20 m) (d) Accurate detection of humans and vehicles

FicURrE 7. Example of detection results by the normal Faster R-CNN mod-
el and proposed approach

4.3. Results of comparison with CNN (VGG16), Multi-task Faster R-CNN,
and YOLOvV5. To evaluate the proposed approach at varying distances, we compared it
with several models, including CNN (VGG16), Multi-task Faster R-CNN, and YOLOV5,
as shown in Table 3.

We provided annotations and labeled vehicle and human actions (standing, squatting,
bending, and walking) in 15,184 infrared images. Furthermore, 3,272 images were used as
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TABLE 3. Average detection precision results for each approach

Range (m)
Avg. (%) [15,20] 20, 25] 25, 35]
Stand Squat Bend Walk Veh. Stand Squat Bend Walk Veh. Stand Squat Bend Walk Veh.

94.41 87.64 88.53 93.15 90.92 85.43 83.16 80.51 85.15 83.54 40.28 44.21 40.21 44.50 58.33

CNN
(VGG16)
Multi-task

Faster  90.85 96.52 98.12 92.96 93.18 84.63 87.90 90.80 86.69 87.32 52.22 54.31 58.45 50.78 65.29
R-CNN
YOLOv5 90.17 98.44 99.10 98.95 99.47 95.73 90.63 88.15 96.61 94.93 71.36 78.37 70.39 83.54 83.68

g;;?gzzﬁ 94.89 99.78 98.52 95.52 94.24 97.70 99.24 98.73 98.78 99.64 96.53 99.13 99.46 99.92 99.01

TABLE 4. Average detection precision results for each range

Ave. (%) Range (m)
[15,20] [20,25] [25,35]
CNN (VGG16) 90.93 83.56 45.51
Multi-task Faster R-CNN 94.32  87.47  65.29
YOLOv5H 97.23 93.21  83.68

Proposed approach 96.59  98.81  99.01

the test dataset to evaluate each detection and recognition model. The test dataset was
divided according to distances in the ranges of 15 m to 20 m, 20 m to 25 m, and 25 m to
35 m. Table 3 presents the average detection precision results for each approach across
different patterns and ranges, whereas Table 4 shows the average detection results in each
range.

Although YOLOV5 exhibited higher precision than our method in the 15 m to 20
m range, our proposed method showed slight improvements over CNN (VGG16) and
Multi-task Faster R-CNN, with average detection precision increases of 5.66% and 2.27%,
respectively. For the 20 m to 25 m and 25 m to 35 m ranges, the proposed method
achieved average precisions of 98.81% and 99.01% for each pattern. In the 20 m to 25
m range, our method yielded improvements over CNN (VGG16), Multi-task Faster R-
CNN, and YOLOVvV5, with precision increases of 15.25%, 11.34%, and 5.6%, respectively.
Furthermore, for the 25 m to 35 m range, our method exhibited significant improvements,
with increases of 53.50%, 33.72%, and 15.33% over the respective approaches. These
results indicate that the proposed method outperforms CNN (VGG16), Multi-task Faster
R-CNN; and YOLOVS5 in thermal infrared images. It is effective for detecting vehicle and
human actions at nighttime across various distances, specifically in the ranges of 15 m to
20 m and 20 m to 25 m. Notably, it shows significant improvement in detecting objects
at further distances, particularly in the 25 m to 35 m range.

5. Conclusions. One of the primary challenges of this study was achieving the precise
detection of vehicles and human actions at significant distances, particularly under night-
time conditions and at further distances. Existing technologies such as CNN (VGG16),
Multi-task Faster R-CNN, and YOLOv5 have exhibited limitations in accurately detect-
ing objects at these extended distances in complex nighttime road traffic environments.
To address these issues, we utilized an infrared thermal imaging camera to create a com-
prehensive nighttime database. This dataset comprises 15,184 thermal infrared images
of various vehicle and human action patterns within distances ranging from 15 m to 35
m, providing a robust foundation for training and testing our models. Furthermore, we



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.20, NO.6, 2024 1583

proposed an enhanced Faster R-CNN model based on the ResNet-50 architecture by lever-
aging transfer learning. We also introduced a method to adjust the recognition anchor
box sizes for each object within the confusion regions. The aim was to distinguish between
vehicle and human action states automatically in outdoor scenes at night, in real time,
and at varying distances from the camera. The results of experiments conducted for each
pattern indicated that the proposed method was effective for vehicle detection and human
action recognition, achieving an mAP of 0.97, thereby demonstrating its effectiveness in
vehicle detection and human action recognition in complex nighttime environments. Im-
portantly, we observed significant improvements in the detection accuracy, particularly at
distances of 25 m to 35 m, where our method outperformed CNN (VGG16), Multi-task
Faster R-CNN, and YOLOv5 by 53.50%, 33.72%, and 15.33%, respectively. It also ex-
hibited superior accuracy compared to conventional methods. These results highlight the
capability of our proposed method in addressing specific challenges posed by nighttime
environments, including the detection of objects at significant distances and accurate ac-
tion recognition. By elucidating these challenges and improvements, we aim to contribute
valuable insights to the advancement of computer vision applications in low-visibility and
long-range distance scenarios. In future research, we plan to investigate methods that
consider the distances between the camera and the subject as well as between different
subjects to further improve the accuracy and performance of the system.
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