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Abstract

In the pedestrian detection field, CCD and Infrared (IR) sensor have been used for
all-day detection. In order to fuse heterogeneous data, researches have been conducted
mainly to make the network deeper or to concatenate different feature maps at different
locations. However, there is still a problem of not fully utilizing both data. To fuse
heterogeneous data from different domains more efficiently, we propose a novel fusion
method called feature map transfer. The proposed method consists of a parallel structure
of object detection networks similar to existing researches and transferring feature maps
of different domains obtained from this parallel network to each other. This method does
not require any modifications, such as adding or removing layers to an already configured
network structure. Radiometric temperature data and intensity-based grayscale data of
Far-infrared (FIR) pedestrian datasets were used for fusion, instead of the existing CCD
and IR fusion. Experimental results show that the log-average miss rate is improved
by about 5% without any modification of the network when using the proposed method
rather than the conventional concatenation only method for FIR pedestrian datasets.

1 Introduction
Robust pedestrian detection algorithms can be applied in various fields such as autonomous
vehicles, surveillance systems such as CCTV, national defense, and manufacturing indus-
tries. Although many types of research have been conducted over a long period of time,
it remains a challenging problem due to various clutters of unpredictable real environments
such as lighting problems, complex backgrounds, occlusion, and others. A variety of datasets
have been constructed to address pedestrian detection problems for these unpredictable real
environments, and datasets can be divided into CCD-based datasets [4, 7, 9, 10], Infrared
(IR)-based datasets [17, 32], and fusion-based datasets [11, 15]. In particular, since CCD
sensors have bad visibility at night, an IR sensor should be used for all-day detection. Be-
cause Far-infrared (FIR) rays sensors are better suited to the problem of pedestrian detection
than Near-infrared (NIR) rays, mainly FIR data are fused together with CCD sensors [15].

Deep learning-based detector networks have been used to construct two parallel networks
of similar or identical structures, each of which receives heterogeneous data as inputs, to
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Figure 1: The first row shows only detection using intensity-based grayscale, and the second
row uses only radiometric temperature data. The last column is the result of fusion of two
data. When using only a single data, there is a problem of missing, but it can be solved by
fusing two complementary data.

handle data from different domains together for all-day detection [14, 15, 16, 20, 21, 30].
Devised ways to fuse them at feature-level or decision-level. As a method for fusion at
the feature-level, there are Early, Halfway, Late fusion methods [16]. These methods are
categorized according to where the fusion is to be done. The way to fuse at decision-level
is to use the score fusion method to weight the score obtained from the detection results
and forward detected boxes to other network for fusion [20]. Faster R-CNN [26] and SSD
[22] are mainly used for detector network, and fusion of heterogeneous data is performed
by feature map concatenation. On the other hand, these concatenation based fusion methods
do not take full advantage of complementary aspects of heterogeneous data. Therefore, it is
necessary to think about whether existing methods of concatenating feature maps are actually
fusing the data completely.

In this paper, we propose a novel fusion method that can more efficiently combine het-
erogeneous data called Feature Map Transfer. The proposed method transfers the feature
map of a specific network from two parallel networks having the same structure as the exist-
ing research to another network. Each parallel network receives data from different domains,
so the networks can train features that can use both data together in the training phase. This
method works through a simple trick in a fixed specific network structure, without any mod-
ifications to the network structure, such as adding or removing a convolution layer. This
is only needed during the training phase and not necessary when inference. We use a het-
erogeneous data fusion method that uses two different data of FIR sensors, rather than a
heterogeneous data fusion using intensity-based grayscale data from IR and CCD sensors
used in previous researches. The FIR pedestrian dataset we used is a dataset built by Kim
and Kim [18]. Because the dataset has a characteristic of analytical data for analyzing the
characteristics of the pedestrian temperature distribution according to the seasonal varia-
tions, the data is refined into a dataset for detection such as eliminating data having a high
correlation between images, and further data is constructed. Unlike the Kim and Kim [18],
which utilizes only radiometric temperature data in the Aggregated Channel Features (ACF)
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[8] detector, we use intensity-based grayscale data together for fusion. Because radiometric
temperature data and grayscale data have one channel each, various combinations can be
made in the channel direction. So, we also compare the performance of pixel-level fusion by
comparing the results of various normalization. Our main contribution is threefold:

• First, we proposed a novel way to more efficiently fuse heterogeneous data through the
proposed feature map transfer method, without adding or removing layers, and with-
out any modifications to network structures such as deeper networks. The proposed
method improves the log-average miss rate by 10 % compared to only feature map
concatenation, which is baseline performance.

• Second, we compare several methods for fusion of different data by comparing pixel-
level based fusion method and proposed feature map transfer result. Since radiometric
temperature data and grayscale data have one channel each, various combinations of
channel direction and various normalization methods are applied to compare fusion
results based on pixel-level fusion.

• Lastly, we constructed additional data in the FIR pedestrian dataset constructed by
Kim and Kim [18]. Since the dataset is for analyzing the temperature distribution
characteristics of the pedestrian according to seasonal variations, it was refined as a
dataset for detection task. Unlike Kim and Kim [18], which replaces gray-scale data
with radiometric temperature data, we used both data for fusion.

Section 2 introduces simple trends for pedestrian detection and sensor fusion based method-
ologies. Section 3 discusses the proposed feature map transfer method, the structure of the
detector network used, and the fusion method. The experimental results of various fusion
methods are presented to verify the efficiency of the proposed method in Section 4. Finally,
the methods and problems proposed in Section 5 are summarized.

2 Related Work
Various researches have been conducted to solve the problem of pedestrian detection that can
be applied to various applications since the field of object detection based on deep learning
has been spotlighted. Initially, researches using CCD-based or IR-based single sensor were
conducted [5, 19, 23, 24, 25, 27, 28, 29, 31, 33], and a sensor fusion researches such as
[6, 15, 28] was performed due to the need for all-day detection. However, it was not widely
used because the dataset was not public or was not sufficient to reflect various environments,
and was intended for limited situations in certain applications, such as surveillance. Re-
cently, studies dealing with detection problems based on deep learning have been mainly
carried out [1, 2, 3, 14, 16, 20, 21, 30].
Sensor fusion-based pedestrian detection Since monocular camera-based pedestrian de-
tection is greatly affected by lighting problems such as night-time, fusion with FIR sensors
is inevitable for all-day vision. A dataset of color-thermal pair was constructed through
special hardware called a beam-splitter, and the baseline performance was proposed using
an ACF detector by Hwang et al. [15]. Thereafter, researches to fuse CCD and IR using
this public dataset have been conducted more actively. A variety of fusion methods of early
fusion, halfway fusion, late fusion (feature-level), and score fusion (decision-level) were
proposed for fusion of heterogeneous data [16]. Feature-level fusion methods use concate-
nating different feature maps, and score fusion is a method of fusing the output score of each
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network by constructing 2 convolutional networks in cascade form. Likewise, a proposal
network and a subsequent multispectral classification network were separately constructed,
a score fusion method was used, and a method of performing joint training by adding seg-
mentation work was proposed by Li et al. [20]. Hou et al. [14] proposed a fusion network
based on SSD (Single Shot Multibox Detector) [22] network and proposed a pixel level and
CNN fusion architectures. Li et al. [21] proposed a fusion architecture based on the Faster
R-CNN [26] network and looking for the correlation between CCD and IR depending on the
lighting environment changes. Experiments have shown that the CCD has higher specific
gravity than the IR under normal lighting conditions such as day-time, and the IR confidence
is overwhelming when the lighting condition is not good. Unlike previous researches using
intensity-based grayscale data, Kim and Kim [18] uses radiometric temperature data from
raw IR data. Radiometric temperature data were applied to ACF and proposed as baseline
performance.

Our approach is not the fusion of CCD and IR. In the FIR pedestrian dataset constructed
by Kim and Kim [18], we fuse intensity-based grayscale data with radiometric temperature
data, which is a method of fusion of heterogeneous data that has not existed before.

3 Proposed Method

3.1 Heterogeneous data can be complementary in the FIR domain?
In the case of commonly used CCD and IR sensor data, the complementary of the hetero-
geneous data was verified by various experimental results [15, 16, 20]. In the same vein,
we also need to make sure that the intensity-based grayscale data and the radiometric tem-
perature data are complementary. In this experiment, we have trained the detector network
in three ways. (1) Detector network training with intensity-based grayscale data only. (2)
Detector network training with radiometric temperature data only. (3) Concatenating paral-
lel sub-networks of the same structure at the feature-level. The complementary is shown in
Figure 1, with the left and middle being the test data constructed in May and the right being
constructed in July. The first row shows grayscale data only, and the second row shows only
radiometric temperature data, which indicates that other data can detect a result not detected
in specific data. The right image shows mutually complementary detection results by fusing
two different data. So, we focused on how to fuse these heterogeneous data more efficiently.

3.2 Proposed Fusion Method
Architecture of detection network. The network structure in the experiment is shown in
Figure 2. The detector network structure is slightly tuned to fit pedestrian detection problems
based on SSD. Intensity-based grayscale data and radiometric temperature data to each input
of a parallel network of the same structure. The base network uses pre-trained Resnet-34
[13]. The feature maps denoted by 1_g and 1_t in the area indicated by the green dotted
line are obtained from the base network. Then, feature maps by extra layers are obtained
for multiscale detection. (areas indicated by green dotted lines). After passing through the
extra layers, we concatenate the different feature maps from the 1st, 3rd, and 5th (these fea-
ture maps have a response to detect) using a 1x1 convolution. The feature maps at this time
are denoted by 1_*, 3_*, and 5_*, respectively (blue dotted line in Figure 2). And * can
be replaced by g or t, g is feature map based on grayscale data, and t is feature map based
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Figure 2: Proposed network structure that receives heterogeneous data as inputs. The detec-
tor network structure for multi-scale prediction is similar to a conventional SSD, as indicated
by the orange dashed area. Two feature maps 2_*, 4_* have been added in the middle of
the extra layer, and the proposed new fusion method called feature map transfer, shown in
red dotted lines is applied to these feature maps. The remaining concatenation and post-
processing are marked with a blue dotted area.

on radiometric temperature data. Unlike the extra layer structure of the existing SSD, we
used an additional 2 feature maps in the middle, in order to apply the proposed novel fusion
method. The Non-maximum suppression (NMS) for post-processing is identical to existing
detector networks.
Pixel-level fusion method. We experimented with both pixel-level fusion and feature-level
fusion, which are typical examples of fusion methods. In pixel-level fusion, intensity-based
grayscale data and radiometric temperature data each have one channel, so various com-
binations are possible. Instead of the two parallel networks mentioned above, pixel-level
fusion is enough for a single network. Unlike conventional pixel-level fusion researches, we
compared fusion results according to normalization methods. This is because not only the
heterogeneous data are different domains, but also radiometric temperature data is 14 bits
and grayscale data is 8 bits. The Saturated and normalized temperature (SNT), Thresholded
and normalized temperature (TNT) methods have been proposed in Kim and Kim [18] to
normalize radiometric temperature data. We compare these methods together with a method
of using mean and standard deviation denoted as Calc in Figure 3, as well as a normalization
method that restricts to a specific range. For normalization methods that restrict to a specific
range, there is a way to normalize [−1,0], [−1,1], and [0,1].
Feature-level novel fusion method. The novel feature map transfer method that we pro-
posed is not the view of the network structure which was the main research direction of
the previous methods. As we will see in the experimental results, when we analyzed the
experimental results by the simple concatenation feature maps, it could not fully utilize the
heterogeneous data. Based on these questions, we proposed a way to reflect the fusion of het-
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Figure 3: (Left) Fusion of one radiometric temperature channel and two grayscale data in
the channel direction. (Middle) Two temperature channels and one grayscale data fusion.
(Right) Only use radiometric temperature data.

erogeneous data into the training process by transferring different feature maps at different
locations to each other, as shown by the red dotted line in Figure 2. Feature map transferring
means swapping the weights of the feature maps from different domains. At this time, the
transfer is not performed unconditionally but is configured to transfer each other at a random
probability of 50%. Obviously, it operates only in the training phase. When inference, each
feature map is not transferred to each other. That is, the parallel network structure is main-
tained. This is what we call feature map random transfer, which allows us to fuse data more
concisely without any network structure changes.

4 Experimental Results

4.1 Implement Details

  

Figure 4: An example of a refined FIR
pedestrian dataset. Corresponds to March,
June, September, and December in order
from the top left.

We used an FIR pedestrian dataset built by Kim
and Kim [18]. This dataset was constructed for
the purpose of analyzing the temperature distri-
bution characteristics of the pedestrian accord-
ing to seasonal variation. These datasets have a
very high correlation between data. Therefore,
the dataset has been refined for detection task
and data is being additionally constructed. It
is constructed based on the night-time when IR
is mainly used, and constructed for four seasons
although the difference in the number of data by
season is somewhat different. An example of a
dataset is shown in Figure 4. All the datasets
used in the training were 2,000 images, includ-
ing all four seasons, and only a flip augmenta-
tion method was used. The base network used
the pre-trained Resnet-34 model, up to 1

8 scale.
Then, extra layers for multi-scale detection are
arranged in the same way as original SSD, and feature maps derived from the convolution
layer is added to apply the proposed feature map transfer method between the extra layers re-
sponsible for detection (1st,3rd,5th). The final detection results are obtained by using NMS
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Figure 5: (Left) Fusion of pixel-level and feature-level. Feature-level fusion is based on
feature map concatenation. In pixel-level fusion, 3 types of fusion methods can be possible,
so baseline performance is achieved by combining feature-level fusion and pixel-level fusion.
(Right) Results of applying the proposed feature map transfer method to the baseline method.

for duplicate detection removal. Except for the pre-trained network, the remaining layers
were initialized using He initialization [12] and the Learning rate (LR) was set to 1e− 4.
All of our experimental results have calculated the log-average miss rate in the fppi range of
[10−2,100] proposed by Dollar et al. [7].

4.2 Performance Evaluation
Evaluation pixel-level fusion. The experimental results of pixel-level fusion are shown in
Figure 3. Each performance is the result of using the normalization method with the maxi-
mum performance through experiments according to various normalization methods. If we
simply use radiometric temperature data, we can see that performance is much lower than
grayscale data based. Although the SNT and TNT methods used for normalization are some-
what significant, there is a difference in performance depending on how many channels the
temperature data is fused to. This method is a method of normalizing assuming that the max-
imum temperature is 40◦ because a person tends to maintain a constant temperature through
thermoregulation. Among the performances using radiometric temperature data, the best
performance was obtained by using the normalization using the pre-calculated mean and
standard deviation for the training dataset and one temperature channel. But compared with
the grayscale data corresponding to the baseline performance, there is only a 1% difference
in log-average miss rate. Experimental results show that simply combining heterogeneous
data in the channel direction does not significantly affect performance.
Evaluation pixel-level and feature-level fusion. Left side of Figure 5 shows the results of
using pixel-level fusion and feature-level fusion based on feature map concatenation. Fusion
mode is a fusion of two kinds of pixel-level fusion: (1) 1 radiometric temperature channel
and 2 grayscale channels. (2) 2 radiometric temperature channels and 1 grayscale channel.
Best mode is a fusion method using 1 radiometric temperature channel which showed the
best performance in pixel-level fusion with grayscale only data. Origin mode is the con-
catenation of using only radiometric temperature data and grayscale data separately. Fusion
mode improves on the performance before fusion using two fused data, but the performance
on both sides is the average value of performance before fusion. Obviously, if the hetero-
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Figure 6: Effects of the proposed feature map transfer method. The first column shows the
original image, the second column shows the fusion based on simple concatenation, and the
last column shows the result of the proposed transfer method, visualizing the feature map
according to each method.

geneous data are merged properly, they should have better results than the better of the two
existing performances. On the other hand, if the performance is the average of both data as
in the experimental results, this is not a proper fusion. It can be considered that the data is
biased to relatively low-performance data among both data, and the performance is improved
through relatively higher performance data. In the same words, it can not be seen as a perfect
fusion.
Evaluation proposed feature map transfer method. Right side of Figure 5 also shows the
performance of the proposed feature map transfer method. Applying the proposed feature
map transfer improves the miss rate by about 5%. It is shown that the performance is higher
than that of using any combination of fusion methods. Figure 6 shows the effect of our pro-
posed feature map transfer method. In the first row finds pedestrians in both ways, but the
proposed method has relatively higher confidence. In addition, the results of the proposed
method show that the difference in the confidence distribution between the background and
pedestrian is greater than the baseline method. In the second row, the proposed method de-
tects additional objects. In the third row, the confidence difference is not large, but the shape
can be detected more accurately than the baseline method. Also, it can be confirmed that
the result of the proposed method suppresses the confidence of the surrounding background,
not the pedestrian, and it can be seen that the proposed method fuses better in the training
process than using only concatenation method. In pixel-level fusion, performance is not as
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Figure 7: Comparison of detection results by baseline fusion method based on simple feature
map concatenation (first row) and proposed feature map transfer method (second row). The
first column is the origin mode, the second column is the best mode, and the third and fourth
columns are the fusion mode.

good as single data, and both feature-level fusion and pixel-level fusion work better, but
both methods perform worse than single data. It can be interpreted that the fusion of radio-
metric temperature does not lead to better performance improvement because the datasets
are mostly visually identifiable, so when the dataset of hard cases is more constructed, fu-
sion performance can be an increase. Under these circumstances, the proposed feature map
transfer method improves performance by about 5% log-average miss rate.

The final detection result is shown in Figure 7. The first column shows origin mode
using radiometric temperature data and grayscale data separately, the second column shows
the best mode and the third and last column show detection results by fusion mode. It can
be seen that the proposed feature map transfer method has a complementary relation through
the fusion of the heterogeneous data to find the undetected pedestrians, eliminate the false
alarms, and have more accurate fitting results.

5 Conclusion
We focused on pedestrian detection based on heterogeneous data fusion. Among them, we
focused on heterogeneous data fusing, intensity-based grayscale data with radiometric tem-
perature data rather than CCD and IR-based sensor fusion. To do this, we propose a novel
feature map transfer method. The proposed method can improve the performance simply
without any change such as addition and removal of network layers, unlike the existing
research that improves the structure of the network. Compared with simple concatenation-
based fusion, the performance improvement of about 5% was observed based on the log-
average miss rate when the proposed feature map transfer method was applied. Because the
datasets used are mostly visually identifiable, the fusion of radiometric temperatures does not
dramatically improve, but adding more datasets to hard cases can lead to more maximized
fusion performance. Since the proposed method does not require any changes to the network
structure, it can be easily applied to the already configured network. Through the proposed
method, it is confirmed that the present fusion level is not yet perfect, and there is still a part
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to be improved in the fusion of the data and the sensor respectively.
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