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ABSTRACT: As urban rail transit systems continue to expand, greater technical demands are placed on the reliability
assessment and temperature monitoring of key bogie components under dynamic operating conditions. To address the
complexity of state detection caused by motion blur in high-speed targets, this study proposes a motor temperature
detection system based on dynamic infrared video analysis. The system evaluates motor operating conditions by rapidly
screening motor images and applying super-resolution reconstruction techniques. First, the system’s configuration and
operating principles are described. Next, an infrared image screening algorithm is developed based on temperature
feature extraction and matching. The algorithm incorporates sliding window grouping and template matching to quickly
identify motor targets in infrared video. Finally, the Perception ResNet Attention Generative Adversarial Network
(PRAGAN) super-resolution network is employed to improve the spatial resolution of thermal images. It utilizes a
multi-scale residual encoder, Visual Geometry Group (VGG)-based perceptual loss, and an uncertainty-based adaptive
loss-weighting strategy whose update rule is given explicitly. The system was deployed and validated on Nanjing Metro
Line 1. Experimental results demonstrate that the system achieves a temperature measurement accuracy of 2°C and
operates reliably at a train speed of 55 km/h. It maintains high measurement accuracy while minimizing equipment
complexity, indicating strong engineering applicability.
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1 Introduction

As a core subsystem for load-bearing, movement, and traction, railway bogies face major reliability
challenges under coupled mechanical and electromagnetic stresses. Traction motors operate under high
fatigue loads and harsh conditions, including dust and humidity, which can cause bearing wear, lubricant
degradation, and electromagnetic-system damage [1,2]. Without timely monitoring, these faults may lead
to thermal runaway, traction loss, derailment, or collisions. Therefore, we developed an infrared thermal-
imaging and intelligent-detection system for real-time temperature monitoring and fault localization in
critical bogie motor components.

Current motor temperature monitoring methods can be classified as manual, contact, and non-
contact approaches. Manual inspection and handheld thermometers are inefficient and cannot provide
continuous measurements [3]. Contact systems use sensors mounted on bogie components to acquire real-
time temperature data [4] and have been deployed on the French railway, Japanese Shinkansen, Shanghai
Metro, Guangzhou Metro, and CRH trains [5]. Although these systems provide accurate alarms, extensive
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sensor and controller installation increases maintenance complexity, leaves blind spots, and raises operating
costs, limiting comprehensive monitoring under vibration and other complex conditions.

Non-contact detection methods are categorized into point-based and surface-based temperature mea-
surements. Point-based temperature measurement typically uses sensors mounted trackside. In the “5T”
monitoring system proposed by China’s railway authority, the Temperature Hotbox Detection System
(THDS) collects temperature data via these sensors [6]. Lei et al. [7] constructed a trackside temperature
monitoring platform to continuously collect real-time temperature data of train axles. Wu et al. [8] adopted
infrared imaging technology to realize abnormal state detection of axle boxes and traction motors. Du
et al. [9] proposed a bogie temperature detection scheme combining Transformer positioning and affine
matching, which lowered the data loss rate to 1.8% and satisfied practical application demands. Our previous
study [10] conducted state monitoring of the bogie components using infrared images. However, it assumed
sufficient spatial resolution, did not consider the blurring caused by motion, and failed to address the
trade-off between resolution and frame rate under the operating speed of the railway line. Kim [11] applied
infrared thermography to railway materials and components. More broadly, infrared thermography has
been established as a non-contact technique for condition monitoring, temperature measurement, and
nondestructive testing [12,13]. The core problem addressed is the recovery of radiometrically faithful, high-
resolution motor temperature fields from low-resolution, motion-blurred infrared frames captured at line
speed, where high-resolution sensors cannot sustain the frame rate required by a fast-moving train. This
entails three methodological challenges: (i) fast retrieval of valid motor frames from highly redundant
infrared video; (ii) super-resolution that enhances detail without hallucinating textures that would distort
the temperature reading; and (iii) stable generative adversarial network (GAN) training under competing
pixel, perceptual, and adversarial objectives.

To address these challenges, this study proposes a temperature monitoring system that uses real-time
underbody infrared video to evaluate motor temperature through rapid image screening and super-
resolution reconstruction techniques. The main contributions of this study are summarized as follows:

(1) An integrated motor temperature monitoring system that combines multi-scale feature screening
and thermal-image reconstruction. The system uses two non-contact thermal imaging cameras to acquire
data and evaluate motor conditions.

(2) A fast screening method for motor images in video sequences is proposed, which combines image
features and feature matching to efficiently identify key frames.

(3) An infrared thermal image super-resolution technique is introduced. It enhances feature repre-
sentation using a multi-scale residual generator, improves high-frequency detail recovery through Visual
Geometry Group Network (VGGNet) based perceptual loss, and employs adaptive loss weighting to maintain
training stability.

The remainder of the study is organized as follows. Section 2 describes the system configuration and its
operating principles. Section 3 introduces an infrared image retrieval method based on temperature feature
screening and feature matching. Section 4 presents a super-resolution reconstruction algorithm for infrared
images. Section 5 presents experimental results and performance analyses conducted in both laboratory and
field environments. Finally, Section 6 summarizes the key findings and outlines future research directions.

2 System Overview
2.1 System Configuration

The system consists of four core units: data acquisition, field control, data transmission, and data
processing and storage. The data acquisition module integrates a temperature acquisition unit, wheel sensors,
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and a train number recognition unit. The temperature acquisition unit comprises two thermal imaging
cameras positioned at fixed angles to capture images of the train motor, as shown in Fig. 1. The thermal
imaging cameras are triggered by wheel sensor 1. The train number recognition device is installed trackside
to identify train identification numbers. The system includes two wheel sensors, spaced 30 m apart according
to field deployment requirements.

Figure 1: Layout of the field hardware.

2.2 Workflow

When the train triggers wheel sensor 1, the programmable logic controller (PLC) activates data acqui-
sition. After the train passes wheel sensor 2 and the wheel count reaches 24, the PLC stops data acquisition
and vehicle number recognition. The collected data are transmitted to the server, where motor localization
and super-resolution reconstruction are performed to extract, store, and visualize motor temperature data.
The system workflow is shown in Fig. 2a.

3 Infrared Image Retrieval Method Using Temperature-Based Feature Screening and Matching

The input to the localization module is a continuous infrared sequence containing repeated views of the
same motor. Because train motion, transient occlusion, and processing latency may cause some frames to
be blurred or incomplete, the sequence must first be converted into a set of reliable motor observations. The
proposed retrieval procedure therefore performs thermal-feature screening followed by temporal grouping
and template-based verification. The complete procedure is illustrated in Fig. 2b.

3.1 Coarse Positioning
3.1.1 Feature Calculation

Each video frame is analyzed independently after the infrared stream has been separated into individual
images. For a candidate region, the standard deviation (STD) of pixel intensities is used to describe local
thermal variation. Regions with larger STD values generally contain stronger temperature changes and
are more likely to include motor components or other thermally active structures. A pixel-density filter is
subsequently applied to reduce the number of regions passed to the following stages.
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Figure 2: (a) System workflow; (b) Flowchart of the rapid screening algorithm.

The observed STD distribution changes with both the ambient temperature and the thermal state
of the underbody components. Preliminary measurements showed that low-temperature structures and
motor-related regions occupy different parts of this distribution. Accordingly, a lower screening limit of
Tmin = 35 was introduced for low-ambient-temperature conditions. This limit provides a margin against
small fluctuations near the segmentation boundary and prevents unstable candidate selection.

3.1.2 Improvement of Otsu Threshold Algorithm

A single manually selected STD threshold is not reliable when the thermal distribution changes across
operating conditions. We therefore estimate the threshold from the STD samples observed in the current
image group. Otsu’s criterion is retained to determine the point that provides the greatest separation between
the two classes. Before applying this criterion, however, the empirical distribution is smoothed with kernel
density estimation (KDE) [14]. This KDE-assisted formulation avoids excessive dependence on histogram-
bin boundaries and is better suited to the multimodal distributions produced by underbody thermal images.
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Let the measured STD values form a sample set. The first step is to obtain a continuous estimate of their
probability density.

1 _ (xxp)?
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where n denotes the number of STD samples and h represents the kernel bandwidth, which is estimated
using the following robust rule:

fh(x) = n_lh Z

n
i=1

1
h :0.9-min(6,m)-n_l/5 2)

where I is the interquartile range.

The estimated density is evaluated over m points between Xpi, and Xp.x, For a candidate threshold T,
the samples are divided into a lower-intensity class and a higher-intensity class. The probability mass and
mean value of each class are then calculated according to Eq. (3).

T
wo(T) =" pr>@1(T) =1- wo(T) (3)
k=1
where pj = M, Ay = Fmemin The category means for both categories are:
E}fh(x;*)Ax
T = 1 T % TY = 1 m *
Ho(T) = wo(T) Yo Xk Prop(T) = (1) Y ierer X P (4)

The separation produced by a candidate threshold is measured by the between-class variance. A larger
value indicates that the two groups are more clearly separated:

05 (T) = wo(T) - @i(T) - [uo(T) = (1))’ (5)
Determine the optimal threshold:

Totsu = arg max o7 (T) (6)

The threshold is constrained to remain within the valid STD interval. The final value is obtained after
evaluating all admissible candidates and is illustrated in Fig. 3.

3.1.3 Adaptive Grouping Methods

Frame-wise screening alone cannot determine whether neighboring positive detections belong to the
same motor passage. Directly joining adjacent positive frames may produce over-segmented sequences,
whereas requiring uninterrupted detections may remove valid sequences containing a few abnormal frames.
To address both situations, the retained frame indices are connected using a tolerance-based sliding-
window procedure.

The indexed set of screened high pixel images is S = {s1,s2,- -, 5, }, construct the set of segments
G = {[sk>ex]}, where each segment [s, ex] represents a continuous frame interval. First, initialize the
parameters, the current segment start point s, = #;, the current segment termination point e, = f;. After
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setting the initial values, iterative processing Vt; € S (i > 2) is performed if the neighborhood condition is
satisfied:

A <E+1 7)

where, A; = s; —s;_;, § is set to 3, allowing up to three non-anomalous frames within a segment. The current
segment e, < t; is extended if the condition is met; otherwise, the segment is submitted and the process is
reset:
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Figure 3: Determined final threshold.

The minimum effective length threshold is defined as Ly, = 10, which is used to filter out short-lived
pseudo-activated segments. For each candidate segment S, compute its duration:

Gv = {Sk eG |Lk 2 Lmin} 9)
Retain the subsegments that meet the predefined validity criteria:
Ly =ep—sg+1 (10)

By integrating STD feature analysis with an enhanced sliding window grouping algorithm, effective
motor image segments can be efficiently identified and constructed.

3.2 Feature Matching Algorithm

Thermal sources other than the traction motor may also pass the coarse screening stage, resulting
in multiple candidate intervals for a single passage. A second verification stage is therefore required to
distinguish the motor view from unrelated hot structures. We use a reference image with a stable motor
position, clear thermal contrast, and minimal occlusion. Each candidate is converted into a comparable
representation and evaluated against this reference using brightness-distribution and spatial-pattern infor-
mation. Candidates whose similarity score falls below the acceptance threshold are rejected; the remaining
candidates are forwarded to reconstruction and temperature analysis.
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A bank of templates could improve adaptability when the target appearance changes substantially, but
it would increase both matching time and template-maintenance requirements. Because the deployment
configuration keeps the motor position relatively stable, one representative template is used in this study.
Before similarity calculation, both the template and candidate images are binarized to reduce the influence
of absolute temperature offsets and sensor noise. The selected template is shown in Fig. 4.

Figure 4: Template image.

4 Image Super-Resolution Reconstruction

High-resolution sensors lower the imaging frame rate due to extended pixel scanning time, making it
challenging to meet real-time requirements during high-speed train operation. In such scenarios, overem-
phasis on image quality at the expense of frame rate can lead to motion blur and detail loss, negatively
impacting subsequent analysis. Therefore, a balance between image clarity and acquisition speed is essential
under real-world conditions. Single-frame super-resolution (SR) from low-resolution (LR) images offers a
practical solution. SR significantly enhances infrared image detail and clarity while reducing hardware costs,
and has broad applications in medical imaging, satellite remote sensing, and security surveillance.

Traditional infrared super-resolution methods based on the frequency or spatial domain have limited
capability in recovering fine details [15,16]. Deep-learning methods have progressed along three main
lines. Convolutional neural network (CNN)-based methods, including multi-scale residual networks [17],
SRCNN [18], RCAN [19], and Efficient Sub-Pixel Convolutional Neural Network (ESPCN) [20], efficiently
learn nonlinear mappings from low-resolution (LR) to high-resolution (HR) images but may over-smooth
high-frequency details. Transformer-based methods, including SwinIR and its variants [21,22], improve
long-range dependency modeling but impose higher computational costs. Generative adversarial network
(GAN)-based methods can reconstruct sharper textures, although they may introduce training instability
and texture hallucination; region-aware adversarial learning has therefore been investigated for infrared
super-resolution [23]. Few existing methods specifically address low-texture, noise-dominated trackside
thermal images or verify whether super-resolution improves temperature-related spatial information rather
than only peak signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM). This motivates
the proposed Perception ResNet Attention Generative Adversarial Network (PRAGAN) and its evaluation.

4.1 Generative Adversarial Networks

Goodfellow et al. introduced generative adversarial networks (GANs) as a minimax game between a
generator and a discriminator [24]. For super-resolution, the generator maps an LR input to an SR image,
whereas the discriminator distinguishes generated outputs from real HR images and supplies adversarial
feedback. This competition can sharpen reconstruction but may also cause texture distortion and unstable
training, motivating the loss design and stabilization strategy used in PRAGAN.

However, GAN-based reconstruction results under real-world train operating conditions remain
suboptimal. Several challenges currently hinder the effectiveness of super-resolution reconstruction:
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(1) Texture distortion: Adversarial training often results in unnatural textures in localized image regions.
(2) Loss of high-frequency details: Pixel-level loss functions often produce over-smoothed outputs.

(3) Training instability: Maintaining dynamic equilibrium between the generator and discriminator
remains challenging.

4.2 Improved GAN
Therefore, we propose a novel model PRAGAN, which incorporates the following key improvements:
(1) A residual generator with channel attention is designed to enhance feature representation;

(2) VGG-based hierarchical perceptual loss is introduced to improve the reconstruction of high-
frequency details;

(3) An adaptive loss weighting strategy is proposed to stabilize the training process.

Unlike generic SRGAN/ESRGAN pipelines that apply a fixed weighted sum of losses, PRAGAN couples
an attention-gated multi-scale residual U-shaped Convolutional Neural Network (U-Net) generator with
homoscedastic-uncertainty-based adaptive loss-weighting strategy. This combination is designed specifically
for the low-texture, noise-dominated regime of trackside infrared motor imagery, where conventional per-
ceptual SR tends to hallucinate textures that corrupt the radiometric (temperature) reading. The individual
primitives (residual blocks, attention, perceptual loss) are standard.

4.2.1 Multi-Scale Feature Fusion Module

To recover high-frequency details and enhance feature representation, we propose an improved multi-
scale encoder-decoder structure. This design integrates residual learning, skip connections, and attention
mechanisms into a U-Net architecture, forming a perception-driven subnetwork. Fig. 5 shows the module
architecture, which integrates layered feature extraction, multi-scale fusion, and interlayer attention to enable
deep feature representation and high-fidelity image reconstruction.

The encoder includes a two-stage residual unit and max pooling, reducing spatial resolution while
increasing channel depth to extract deep features. Residual blocks mitigate the vanishing gradient problem,
enhance training stability, and preserve edge information. Residual blocks capture signals better than
standard convolution, enhancing the network’s representational capacity. The decoder upsamples with
PixelShuffle and merges the result with high-resolution features from the corresponding encoder layer.
PixelShuffle avoids checkerboard artifacts and preserves image texture continuity better than deconvolution.
U-Nets symmetric skip connections introduce low-level features into the decoder, recovering edges and
details while improving texture reconstruction.

An Attention Module after each upsampling layer weighs feature importance, highlights key texture
responses, and suppresses noise, enabling more accurate texture reconstruction. The Attention Module
facilitates feature reorganization and scale selection, acting as a “gating unit” in multi-scale fusion. It
dynamically focuses on regions of interest, enhancing perceptual consistency and detail restoration.

4.2.2 VGG-Based Hierarchical Perception

VGGI6 uses stacked 3 x 3 convolutions to learn progressively higher-level image representations [25].
In PRAGAN, the pretrained network is used as a fixed feature extractor rather than a classifier. Selected
convolutional features provide perceptual supervision by measuring the discrepancy between reconstructed
and HR images in feature space. The VGGI6 structure is illustrated in Fig. 6.
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The multiscale generator captures rich features across multiple scales, while the hierarchical perceptual
loss imposes distinct constraints on high-frequency details and low-frequency structures at various levels of
the feature space, thereby jointly improving reconstruction quality. This multilevel supervision enables the
network to simultaneously optimize high-frequency textures and low-frequency structures across scales.

4.2.3 Loss Function

Generator training combines adversarial, content, and perceptual objectives. The fixed-weight formu-
lation provides a non-adaptive baseline, but manually selected coeflicients cannot respond to differences in
loss scale. PRAGAN therefore uses homoscedastic-uncertainty weighting to learn the effective contribution
of each term during optimization. The individual objectives are defined below.

Adversarial Loss: emphasizes the global realism of the image to make the generated results closer to the
real distribution.

Tir = G (Ipg) (11)
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Laay = Enyy | D (G (Ix) - 1)°] (12)
Lp = %EILR [(D (Ing) - 1)2] + %EILR [(D(G (ILR)Z] (13)

where, Iz denotes the input low-resolution image. G (-) represents the generator that maps, I;x to the
super-resolved image G (I1r); D (+) represents the PatchGAN discriminator that receives either a real high-
resolution image IHR or a generated image G (I ) and outputs a spatial realness map, where values close
to 1 indicate real HR patches and values close to 0 indicate generated SR patches.

Pixel-level Content Loss: enforces global structural consistency between the generated and target images
at the pixel level, thereby preventing pattern collapse.

Le = ||G (Ir) — Iur) |, (14)

where Iy denotes the real high-resolution image, G (I ) represents the generated high-resolution image,
and |||, refers to the pixel-level L; loss.

Hierarchical Perceptual Loss: constrains high-frequency detail and semantic consistency across multiple
feature levels to enhance visual richness.

L
Ly =Y B I¢1 (GUrr) - ¢1 (Iar) 3 (15)
1=1

where L denotes the number of selected layers in the VGG16 network; ¢; (-) represents the feature extraction
function at the I-th layer of the pre-trained VGG16 model; and f; is the weighting coefficient for the features
of the I-th layer, which controls the constraint strength for each layer.

The total generator loss function is:
L=MAgLg+AcLc+A,Lp (16)

where Ag, As and )Lp denote the fixed weighting coefficients for the adversarial, content, and perceptual losses,
respectively, and are set to 1, 100, and 10 in the non-adaptive baseline. In the full PRAGAN model, these fixed
coeflicients are replaced by the learnable homoscedastic-uncertainty weights defined below.

We adopt a homoscedastic-uncertainty-based adaptive weighting strategy for the three generator
objectives, i.e., adversarial, content, and perceptual losses. For each loss term L, where k € {adv, content,
perceptual }, we introduce a learnable uncertainty parameter oy. The total generator loss is formulated as:

1
Lg = z (FL]( + IOgO'k) (17)

k k

In implementation, we optimize s; = log o3> for numerical stability, leading to the equivalent form

Lg=Y, (% exp (—sg) Ly + %sk) (18)

k

Therefore, the effective weight of each loss term is automatically determined as:

1 1
Ak = 7 &P (=sk) = 7}3 (19)
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where s is the learnable log-variance parameter associated with the k-th generator loss. During training, s,
is updated together with the generator parameters by minimizing L;, whereas the discriminator parameters
are updated separately by minimizing Lp. No explicit epoch-dependent loss schedule is used. When a
loss term becomes relatively large or difficult to optimize, its corresponding uncertainty increases, thereby
reducing its effective weight and preventing it from dominating the generator optimization. Meanwhile, the
regularization term 1/2 s, prevents the trivial solution o5 — oco. The initial log-variance parameters were set
to Sady = 0, Scontent = =2, and Sperceptual = -1

The three losses provide complementary supervision: adversarial loss promotes perceptual realism,
content loss preserves pixel-level fidelity, and perceptual loss constrains VGG feature-space consistency. In
full PRAGAN, their effective weights are learned through the uncertainty-based formulation rather than an
epoch-dependent schedule. Fig. 7 summarizes the complete training architecture.
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Figure 7: Model diagram of the improved GAN network.

PRAGAN extracts shallow features using a 9 x 9 convolution, processes them with sixteen residual
blocks, and applies a global residual connection and channel attention before two-stage PixelShuftle upsam-
pling. A final 9 x 9 convolution with Tanh activation produces the SR output. The PatchGAN discriminator
and pretrained VGGI6 extractor then provide adversarial, pixel-level content, and feature-space perceptual
losses, whose adaptive combination is used to update the generator.

5 Experiments
5.1 Experimental Environment

The data used in this study were obtained from photographs of equipment implemented at Nanjing
Metro Line 1, China. The site installation is shown in Fig. 8. Additionally, two laboratory experiments were
conducted, and the detailed hardware configuration and experimental setup are provided in Table 1. The
dataset is self-collected (no public benchmark was used). The dataset used in the reported experiments
contains 401 infrared thermal images with an original resolution of 320 x 240 pixels (W x H). These images
were used as HR targets at a resolution of 240 x 320 pixels in H x W notation. To generate the corresponding
LR inputs, Gaussian blur with a radius of 1.2 was first applied, followed by bicubic downsampling to 60 x 80
pixels and the addition of Gaussian noise with a standard deviation of 0.015. This procedure produced paired
LR-HR images for 4x super-resolution. The dataset was divided at the image level into training, validation,
and test subsets at a ratio of approximately 70:15:15, comprising 280, 60, and 61 images, respectively.
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Figure 8: Installation of equipment on site.

Table 1: Hardware configuration and software environment.

Type of Experiment Hardware Configure Software es
Rapid Screening Experiment Windows 10 Matlab R2020a
Super-resolution GPU NVIDIA GeForce VS 11 G Video
reconstruction experiments RTX 2080 Ti Code memory

5.2 Screening Experiments
5.2.1 Evaluation Indicators

Recall and F1 score are used to quantify target-screening accuracy, while processing speed evaluates the
algorithm’s real-time performance.

Recall: a measure of the proportion of all actual motor areas successfully detected by the system,
defined as:
TP
R=——— (20)
TP+ FN
where TP denotes the number of correctly detected target regions and FN denotes the number of true target
regions that are not detected.

F1 score: It is used to synthesize the system’s balance between positioning accuracy (Precision) and
Recall, and is calculated by the formula:
2-P-R

Fy = 21
! P+R @)

where P denotes the proportion of detected targets that are real targets.

Processing Speed: This metric evaluates real-time performance by measuring the number of frames
processed per second, expressed in frames per second (FPS).

5.2.2 Experimental Analysis

Four screening strategies were evaluated to examine the behavior of the proposed method under
different ambient conditions. Method A represents the complete pipeline developed in this study, whereas
Methods B-D provide alternative combinations of thresholding, frame grouping, template matching, and
structural comparison. Their main processing characteristics are summarized in Table 2.
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Table 2: Configurations of the evaluated screening methods.

Method Method Description

Improved Standard Deviation + Kernel Density Estimation + Dynamic
Method A Threshold + Sliding Window Clustering+ Template Matching +
Anomaly Correction

Fixed Thresholding + Continuous Frame Screening + Template

Method B Matching
Method C Image Grouping by K-means Clustering Method + Template Verification
Method D Structural Similarity Screening by Region of Interest + Template

Structural Comparison

The screening performance was evaluated using two groups of train images acquired at ambient
temperatures of 30.7°C and 22.3°C. For each condition, recall, F1 score, and processing speed were calculated
using the same evaluation procedure. The quantitative results are reported in Table 3.

Table 3: Experimental comparison of methods.

Environmental Temperature Method Recall F1-Score Processing Speed (FPS)

A 0.267 0.421 763.52

30.7 B 0.083 0.153 836.44

' C 0.012 0.023 829.97

D 0.002 0.004 243.92

A 0.116 0.208 761.34

223 B 0.068 0.128 795.20

' C 0.014 0.027 818.73

D 0.001 0.002 314.56

As shown in Table 3, Method A achieves the highest recall and F1 score at both ambient temperatures.
At 30.7°C, its recall and FI score are 0.267 and 0.421, respectively; at 22.3°C, the corresponding values are
0.116 and 0.208. These results indicate that the combination of adaptive thresholding, temporal grouping,
and template verification improves the retention of valid motor regions while suppressing pseudo-hotspot
candidates. Method A processes more than 760 frames per second, although Methods B and C are slightly
faster. Thus, the proposed method provides the best detection accuracy and a favorable accuracy-speed
trade-off rather than the highest absolute processing speed. The final screened image groups are shown
in Fig. 9.

Table 3 provides a more detailed comparison of the four screening strategies. At 30.7°C, Method A
obtains a recall of 0.267, compared with 0.083 for Method B, and its F1 score reaches 0.421, compared with
0.153 for Method B. At 22.3°C, Method A also maintains the highest recall and F1 score, with values of 0.116
and 0.208, respectively. Its processing speeds are 763.52 FPS and 761.34 FPS at the two temperatures, which
are lower than those of Methods B and C but substantially higher than those of Method D. These results show
that the proposed pipeline prioritizes reliable motor-region retrieval while maintaining real-time processing
capability. The comparison is visualized in Fig. 10.
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Figure 9: Final groups of screened images.
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Figure 10: Comparison results of rapid screening methods. (a) Recall performance; (b) Fl-score performance; (c)
processing speed (EPS).

5.3 Super-Resolution Reconstruction Experiments

5.3.1 Evaluation Indicators

To verify the performance advantages of the proposed PRAGAN (Perception ResNet Attention GAN)
in image super-resolution tasks, the network is comprehensively evaluated based on image reconstruction
quality, detail restoration, and perceptual visualization. A side-by-side comparison with mainstream meth-
ods is conducted. In addition, ablation experiments are performed to assess the effectiveness of the perceptual
loss and attention modules.

PSNR [26] which reflects the magnitude of the image error, the higher the better.

MAX?

MSE (22)

PSNR =10-log,,
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where MAX denotes the maximum pixel value in the image and MSE is the mean square error between the
super resolution image and the high resolution image.

SSIM [27] which is particularly important in super-resolution tasks. Unlike the PSNR, SSIM takes into
account not only the inter-pixel error, but also the structure, luminance, and contrast of the image for a more
comprehensive assessment of the visual quality of the image, with the closer to 1 the better.

(Zyxyy + Cl) (Zoxay + Cz)
(‘ufc + /,tf, + Cl) (0,% + 0)% + CZ)

SSIM (x,y) = (23)

where p is the arithmetic mean of the image, o is the standard deviation of the image contrast, C; and C,
are constants.

Higher PSNR and SSIM indicate that our method can recover finer thermal structural details from

low-resolution infrared frames, which is beneficial for subsequent temperature estimation and thermal
anomaly detection.

5.3.2 Experimental Analysis

In this study, the following hyper parameter settings were adopted to ensure the validity and perfor-
mance of the model. To reduce computational load during training, the batch size was set to 32, the initial
learning rate was 0.0001, and the Adam optimizer was used. All methods in the primary comparison were
trained for 100 epochs, with validation performed after each epoch. An in-depth comparative analysis was
conducted to evaluate the performance of SRCNN [25], RCAN [26], ESPCN [27], and the proposed method
in the motor reconstruction task. Fig. 11 presents the generated outputs of these methods on the same dataset,
while Table 4 summarizes their evaluation metrics.

Ours SRCNN ESPCN RCAN Ground Truth SwinlR

4<I =15

(a) (e)

Figure 11: Results generated by different methods. (a) ours; (b) SRCNN; (c) ESPCN; (d) RCAN; (e) ground truth; (f)
SwinlR.

The quantitative and visual results in Table 4 demonstrate the effectiveness of the proposed method
for image super-resolution. It achieves the highest PSNR of 31.5420 and SSIM of 0.9829, indicating lower
reconstruction error and better structural preservation than the compared models. Visual comparisons
further show sharper edges and textures with fewer blurring and distortion artifacts. SRCNN and ESPCN
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suffer from detail loss or over-smoothing, while RCAN remains inferior in reconstructing local high-
intensity regions and structural contrast. These results confirm that the proposed architecture and loss
function improve both pixel-level accuracy and structural fidelity.

Table 4: Experimental comparison of methods evaluation metrics of different algorithms on test set.

Method PSNR SSIM
Ours 31.5420 0.9829
SRCNN 26.2557 0.9632
ESPCN 28.2255 0.9722
RCAN 28.9315 0.9791
SwinIR 31.4190 0.9470

To evaluate the contribution of each module to overall model performance, ablation experiments were
designed to analyze the individual effects of the ResNet structure, attention mechanism, and perceptual loss.
The detailed results are presented in Table 5.

Table 5: Comparison of ablation experiments.

Model Configuration PSNR SSIM

Basic Model 26.723 0.8914

Basic Model + residual network (ResNet) 27.45 0.8580

Basic Model + RESNet + Attention 29.2395 0.9345

Basic Model + RESNet + Attention + Perceptual Loss 31.5420 0.9829

As shown in Table 5, the overall results demonstrate that the progressive integration of the proposed
modules improves reconstruction quality. Combining ResNet with the attention mechanism increases the
PSNR to 29.2395 and the SSIM to 0.9345, corresponding to improvements of 9.4% and 4.83% over the
baseline, respectively. This indicates that residual feature extraction and attention-guided feature selection
jointly strengthen image representation and the recovery of important structural regions. After perceptual
loss is introduced, the PSNR further increases to 31.5420 and the SSIM reaches 0.9829, representing overall
gains of 18.0% and 10.26%. These results support the complementary roles of residual learning, attention,
and perceptual supervision in improving structural fidelity and visual detail.

The five-run stability analysis used different random seeds and a training budget of 30 epochs per run,
whereas the primary model comparison in Table 4 used 100 epochs. Across the five runs, PRAGAN achieved
an average PSNR of 29.1613 + 0.9788 dB and an average SSIM of 0.8910 + 0.0075. As shown in Table 6,
PRAGAN contains 1.550 M parameters, requires 10.647 billion floating-point operations (GFLOPs), and
achieves 27.76 FPS. Compared with RCAN, it reduces the parameter count and computational cost by 63.5%
and 76.3%, respectively, while providing 4.62 times the inference speed.

To determine whether super-resolution can recover temperature-related spatial information lost during
acquisition with low-resolution, high-frame-rate sensors, we evaluated hotspot-region overlap and peak-
location accuracy after reconstruction. This experiment aimed to examine whether PRAGAN can preserve
and localize critical thermal anomalies without sacrificing image acquisition speed, rather than relying solely
on PSNR and SSIM to assess reconstruction quality. Bicubic interpolation, RCAN, Swin Transformer for
Image Restoration (SwinIR), and PRAGAN were compared using the same random seed, training budget,
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and test images. Fig. 12a evaluates the overlap between the reconstructed and HR-reference hotspot regions
using hotspot-mask intersection over union (IoU), whereas Fig. 12b measures the spatial displacement of
the hottest point using peak-location error. Green temperature annotations and crosshair markers were
excluded from the analysis. Compared with bicubic interpolation, PRAGAN increased the hotspot IoU from
0.8762 to 0.8920 and reduced the peak-location error from 10.43 to 5.78 pixels, demonstrating improved
hotspot localization.

Table 6: Comparison of computational complexity and inference efficiency.

Method Params (M) GFLOPs FPS

SRCNN 0.069 12.622 168.66
ESPCN 0.037 26.356 684.67
RCAN 4.242 44.873 6.01
SwinlR 0.413 8.258 10.08

PRAGAN 1.550 10.647 27.76
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Figure 12: Hotspot localization performance (a) Hotspot-mask intersection over union. (b) Peak-location error.

5.4 Precision Analysis

To further verify the stability and accuracy of the experimental system, temperature data from various
components were collected over 20 passes within 2 days during a selected week and compared with data
obtained from other systems. For each component, the experimental system recorded the highest observed
temperature. These measurements were compared with actual values to analyze the system’s temperature
measurement deviation. Temperature data were collected from 160 motors located in different parts of 10
carriages. To visualize the distribution of motor temperature deviations, the differences between the true
values and the system-measured temperatures are plotted, as shown in Fig. 13.

As shown in Fig. 13, the absolute deviations between the system measurements and the reference
values remained below 4°C. Across 20 train passages and four measurement positions, the mean absolute
deviation was 1.9817°C, with a standard deviation of 0.702°C, as summarized in Table 7. The remaining
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deviation mainly arises because the proposed system calculates an average temperature over the motor-
bottom region, whereas the reference system measures local regions that are more susceptible to heating. The
results demonstrate stable temperature measurement during train operation at 55 km/h, as shown in Fig. 14.
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Figure 13: Error between true value and system detection.

Table 7: Error analysis.

Group 1 Group 2 Mean Error
Mean error/°C 1.9601 2.0032 1.9817
Standard deviation/°C 0.6876 0.7164 0.702

Figure 14: Actual speed at the system installation location.

Currently, motor-based temperature detection systems mainly include contact temperature sensors,
non-contact temperature sensors and infrared thermal camera methods. To evaluate the accuracy of

the proposed system, its performance was compared with previously reported contact and non-contact
temperature-monitoring systems, as summarized in Table 8.
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Table 8: Comparison of reported temperature-measurement performance.

Reported Error or Accuracy/°C Component Speed/Mounting Position
Ours +2 Motor 55 km/h
Contact [7] +1 Axle box Vehicle depot
Non-contact [16] +1 Axle box, Motor, Elv box Vehicle depot
Non-contact [18] 2 Motor, Gearbox 5-10 km/h
Non-contact [15] / Axle box 65-75 km/h

As shown in Table 8, the proposed system achieved a mean absolute temperature deviation of 1.9817°C
during operation at 55 km/h, with a maximum observed deviation below 4°C. Previous systems reported
values ranging from +1°C to 2°C under different components, operating speeds, and measurement protocols.
Because these studies used different definitions of accuracy and different test conditions, the reported values
should be interpreted as an engineering comparison rather than a strictly controlled quantitative ranking.

6 Conclusion

This study proposes a motor temperature detection system that utilizes multi-scale feature screening
and thermal image reconstruction to evaluate motor operating status based on collected thermal data. An
infrared thermal camera captures thermal video of the train during mainline operations. The recorded
data is transmitted to a server, where multi-scale feature screening and thermal image reconstruction are
performed. Experimental results show that the system achieves a mean absolute temperature deviation of
1.9817°C, with a standard deviation of 0.702°C and a maximum observed deviation below 4°C, during
train operation at 55 km/h. Notably, in addition to infrared thermal imaging, visible light images offer
valuable references for assessing motor appearance and analyzing the surrounding environment. These
images provide field engineers with a more intuitive basis for evaluation. Therefore, future work will focus
on integrating visible light image data to enhance overall sensing capabilities and improve the accuracy of
motor condition evaluation.
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