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[Abstract]

In this paper, we explore the enhancement of target detection accuracy in the guided weapon using
deep learning object detection on infrared (IR) images. Due to the characteristics of IR images being
influenced by factors such as time and temperature, it's crucial to ensure a consistent representation of
object features in various environments when training the model. A simple way to address this is by
emphasizing the features of target objects and reducing noise within the infrared images through
appropriate pre-processing techniques. However, in previous studies, there has not been sufficient
discussion on pre-processing methods in learning deep learning models based on infrared images. In this
paper, we aim to investigate the impact of image pre-processing techniques on infrared image-based
training for object detection. To achieve this, we analyze the pre-processing results on infrared images
that utilized global or local information from the video and the image. In addition, in order to confirm
the impact of images converted by each pre-processing technique on object detector training, we learn
the YOLOX target detector for images processed by various pre-processing methods and analyze them.
In particular, the results of the experiments using the CLAHE (Contrast Limited Adaptive Histogram

Equalization) shows the highest detection accuracy with a mean average precision (mAP) of 81.9%.
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Fig. 1. The examples of infrared synthetic image
dataset for guided missile environments
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III. Analysis of Infrared Image
Pre-Processing Application Results
2 BoilMe Fe57] & 4 Aol @4 dlolE Al

= *é%‘é T}, E3t OH” Eﬂ<>151 Alo] 7]“ 1 H Aol 34
A

(e}
gtk

C

(d) CLAHE

(c) Histogram Equalization

Fig. 2. The results of applying Z—score normalization,

histogram equalization, and CLAHE techniques to the

infrared synthetic image dataset for guided weapon
environments.
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Fig. 3. Failure cases and image histograms for each image pre—processing method on an infrared synthetic image
dataset for guided missile environments. We highlight the objects by red bounding box. The graph below represents the
histogram for each image. The x—axis indicates the intensity value of the image, while the y—axis represents the count.
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Distant view

Middle view

Near view

Fig. 4. Different view points of Infrared images from guided weapon environments. These images are

transformed via Z—score normalization.

It can be observed that each target object shows a different color
domain in various view point domains (distant view, middle view, and near view).

Specially, in the case of

distant and middle views, the color domains of the background and the target objects are similar.
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Image Pre-Processing
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Fig. 5. The process for IR image pre—processing for training the object detector. We first apply min—-max normalization,
Z-score normalization, CLAHE, and histogram equalization to 14-bit images. Each processed image by histogram
equalization and CLAHE is then standardized using min—-max normalization, followed by 8-bit quantization.
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Table 1. Comparison detection results between various image pre-processing methods. We highlight the
best record with red bold
Method mAP mAPs5, mAP75 MAPmai MAP megium MAP rge
Min-max normalization 64.3 76.8 71.3 52.9 80.0 81.8
Z-score normalization 56.6 72.5 65.0 435 72.8 73.9
Histogram equalization 75.7 89.6 86.8 64.1 89.6 92.4
CLAHE 82.6 95.0 91.7 71.8 93.6 94.4
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