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Abstract

Split air conditioners are widely used in residential homes where a central air conditioning 
system is not available. Dust accumulation on the mesh-grid air filter of the device can signif-
icantly increase airflow resistance, leading to reduced energy efficiency of air conditioners. 
Current filter maintenance relies primarily on visual inspection results or a fixed cleaning 
schedule, both of which are ineffective. Based on a dataset of 4900 images of mesh-grid 
filters collected from split air conditioners, this study proposes a Residual U-Net model 
with residual connections to simultaneously perform pixel-level dust area segmentation 
and three-level dust thickness categorization of the filters (mild, moderate, and severe). To 
bridge visual outputs with physical performance, a dust accumulation index (DAI) was es-
tablished to quantitatively evaluate the overall dust accumulation degree by integrating the 
predicted dust area and thickness levels. Model performance on the 500 independent field 
test samples achieved an average intersection over union of 80%, a Dice coefficient of 86%, 
and a thickness classification accuracy of 93%. These numbers deviated only marginally 
(approximately 1%) from the validation performance, confirming the model’s reliable 
generalization capability under complex real-world operating conditions. This machine 
learning model provides a solid technical foundation for the image-based assessment of 
dust accumulation from photographs of the filter to support effective cleaning schedules.

Keywords: split air conditioner; filter dust accumulation; contamination classification; 
machine learning; intelligent identification model

1.  Introduction
Split air conditioners are frequently used in residential homes. They not only regu-

late indoor thermal and humidity environments but also have a significant impact on 
overall building energy consumption [1–3], indoor air quality (IAQ) [4,5], and occupant 
health [6,7]. The mesh-grid filter, a key component of the device, is highly prone to 
intercepting and accumulating various suspended particles that contain many different 
substances, including microplastic fibers [8,9], pollen, mineral particles [10,11], and 
bioaerosols [12–14], to form a flocculent dust layer. The accumulated dust load on the 
filter can lead to a substantial rise in airflow resistance, which reduces the efficiency of 
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heat exchange, forcing the equipment to operate for longer durations or at higher power 
to maintain the target indoor temperature [15,16]. Furthermore, under humid conditions 
at room temperature, accumulated dust can easily become a breeding ground for microor-
ganisms, leading to secondary indoor pollution via the air supply system [17,18]. Timely 
filter maintenance is essential to maintain the optimal operating efficiency and performance 
of air conditioners.

Currently, the cleaning of the filter in split air conditioners is either based on a visual 
assessment of dust accumulation or relies on a fixed cleaning schedule; however, neither is 
adequate for effective maintenance because visual observation requires removing the outer 
cover of the device and lacks an objective assessment standard, and fixed maintenance cycles 
fail to reflect the actual dust load on the filter in each device. As a result, current maintenance 
practices either waste resources due to over-cleaning or cause higher energy consumption 
due to under-cleaning. The latter may also create health risks [19–21]. Therefore, there is a 
need for the industry to introduce an intelligent monitoring approach that can remotely 
assess the dust load on the filter to support effective planning for filter cleaning.

The rapid development of computer vision and deep learning technology has provided 
an opportunity to address this issue. Compared to visual inspection, image analysis using 
machine learning not only possesses a high degree of automation but also yields an objective 
and quantitative assessment. In recent years, this versatile technology has demonstrated 
great potential in many applications, such as microscopic disease monitoring of crops 
in agriculture [22–24], medical image analysis of lesions in medicine [25–29], and the 
identification of dust [30], microplastic morphology [31,32], and airborne particulates in 
environmental science [33–35]. However, the application of such technology directly to 
assess dust on filters in heating, ventilation, and air conditioning (HVAC) components, 
including split air conditioners, is still rare [36]. Unlike mold growing on the surface of 
internal baffles in air conditioners [37], which appears as high-contrast spots or patches on 
the surface, accumulated dust on mesh-grid air conditioner filters is mostly in a flocculent 
form due to the unique mesh-grid texture of the filter.

The dust first accumulates on the grid threads of mesh-grid filters, then grows progres-
sively towards the center of mesh openings, and eventually bridges the threads to cause total 
blockage of the airflow. This unique physical characteristic of the dust-thread texture often 
renders conventional image threshold cut-off methods and basic deep learning architectures 
inapplicable. For example, standard object detection algorithms, such as the YOLO (You 
Only Look Once) models [38–40], though effective in locating discrete individual targets 
with distinct images, are incapable of describing the pixel-level boundaries and thickness of 
the objects. Meanwhile, classic pixel-level semantic segmentation networks such as CNNs 
(convolutional neural networks) [41–43], known for their robust capabilities in automated 
hierarchical feature extraction and image-level classification, are highly susceptible to local 
reflections or shadows when facing the strong background interference of a mesh grid 
and ambiguous dust edges, leading to high computational redundancy and difficulty in 
accurately extracting the global features required to simultaneously quantify dust area 
and dust thickness on the filter. To bridge this methodological gap, the novelty of our 
proposed Residual U-Net model lies in its integration of identity mapping skip connec-
tions into a specialized dual-branch framework. Unlike existing image-based segmentation 
methods that struggle with high-frequency periodic noise, our architecture ensures deep 
gradient propagation while simultaneously performing high-precision pixel-level dust area 
segmentation and multi-class thickness classification without being distracted by mesh 
background textures.

Therefore, there are three major challenges in assessing the dust load on mesh-grid 
filters of air conditioners: (1) a lack of objective, image-based assessment methods to evalu-
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ate dust accumulation from photographs of the filter; (2) a lack of pixel-level segmentation 
methods that are capable of eliminating interference from grid patterns of the filter; and 
(3) a lack of effective generic segmentation models that provide sufficient feature extraction 
in handling images with low-contrast features of dust on filters.

To address the above-mentioned gaps, we propose a U-Net-based deep learning image 
segmentation architecture. The aim of this study is to develop an intelligent identification 
method for assessing dust accumulation on mesh-grid filters of split air conditioners by 
integrating machine learning and image recognition algorithms. The main contributions of 
this work are summarized as follows: (1) we propose a novel Residual U-Net architecture 
featuring a shared encoder and dual decoders to simultaneously perform pixel-level dust 
area segmentation and multilevel thickness classification; (2) we introduce a quantitative 
DAI metric that integrates spatial area coverage with thickness-based penalty weights, 
bridging visual features with physical flow resistance characteristics; and (3) utilizing 
a comprehensive dataset of 4900 standardized images covering four distinct operational 
scenarios, we demonstrate the model’s superior performance and robust generalization 
capabilities on independent field test samples.

2.  Methods
The method encompasses the entire workflow, ranging from high-resolution micro-

image acquisition and standardization to the three-level dust thickness classification network 
based on the Residual U-Net algorithm. The model was executed on a hardware platform 
powered by an Intel Core Ultra 7 265K processor (Intel Corp., Santa Clara, CA, USA), an 
NVIDIA GeForce RTX 5070 Ti GPU (NVIDIA Corp., Santa Clara, CA, USA), and dual-
channel high-speed DDR5 RAM. Additionally, a GM7000 series 2TB M.2 NVMe SSD was 
utilized to facilitate high-throughput, low-latency loading of large-scale micro-dust image 
datasets across multiple training epochs. The software environment was standardized 
using Python (version 3.11, Python Software Foundation, Wilmington, DE, USA) and the 
PyTorch deep learning framework (version 2.1.0, Meta Platforms Inc., Menlo Park, CA, 
USA), with hardware-level tensor computational acceleration achieved by leveraging the 
NVIDIA CUDA backend (version 12.1, NVIDIA Corp., Santa Clara, CA, USA) and the 
cuDNN library (version 8.9, NVIDIA Corp., Santa Clara, CA, USA).

2.1.  Construction of Machine Learning Dataset
2.1.1.  Raw Image Acquisition

The raw images of the mesh-grid filters of split air conditioners were captured using the 
12-megapixel camera lens of an iPhone 15 Pro Max at a vertical distance of approximately 
20 cm from the filter surface, ensuring that the complete filter frame was fully captured in a 
single photograph. To minimize perspective distortion and maintain scale consistency, a 
strict orthogonal viewing angle was maintained relative to the filter plane, supplemented by 
slight natural manual angle variations during shooting to account for operational handling 
tolerances. To counteract fluctuations in ambient lighting conditions and eliminate specular 
or diffuse reflections from the glossy plastic threads of the mesh grid, cool white auxiliary 
lighting on the camera was consistently deployed across all processes (see Supplemental 
Figure S1). The thickness of the accumulated dust layer was measured using a high-
precision digital depth gauge (SYNTEK Dial Indicator; range: 0–50 mm, precision: 0.01 mm, 
measurement error: ≤±0.02 mm).

Mesh-grid filters were photographed under the following four scenarios: (1) newly 
installed, unused filters (Category 1 filters); (2) filters used in operation for about six 
months in university student dormitories (Category 1 filters); (3) filters of heavily used air 
conditioners in game rooms and internet cafes (Category 2 filters); and (4) aged, severely 
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clogged filters collected from the second-hand home appliance recycling market (Category 
3 filters). Examples of these filters are shown in Figure 1. For each filter, the maximum 
thickness of the dust spot was manually measured at the time of photographing. Filters 
with a thickness of <1 mm, 1–2 mm and >2 mm were grouped into Category 1 (mild dust 
accumulation), Category 2 (moderate dust accumulation) and Category 3 (severe dust 
accumulation), respectively.

Figure 1. Examples of mesh-grid filters with different dust loadings and images (marked by red 
rectangular lines) taken by the camera.

2.1.2.  Image Standardization and Dataset Partitioning
Original images (80 mm by 50 mm), centered on the effective filter area, were first 

automatically cropped using OpenCV boundary detection to remove peripheral frames 
and non-filter backgrounds. These preprocessed images were then cropped to a standard 
size of 420 × 420 pixels. Through manual screening, images with defocus blur, severe lens 
distortion, or significant reflection artifacts were discarded. In the end, 1225 images from 
each of the above-mentioned four scenarios (Section 2.1.1), i.e., a total of 4900 images, were 
selected as the standard sample dataset for this study. These 4900 images were divided 
into three independent datasets: a training set (4000 images), a validation set (400 images), 
and a test set (500 images). Specifically, the test set consisted of 125 randomly selected 
images from each filter group (see Section 2.1.1). To strictly prevent data leakage, the 
partitioning into training, validation, and test sets was performed based on individual phys-
ical filters rather than individual image frames. All photographic captures, standardized 
image patches, and lighting variants originating from a specific physical mesh filter were 
assigned exclusively to a single dataset split (either training, validation, or test), ensuring 
no overlapping physical filter entities across subsets. The test set was excluded from the 
model training and hyperparameter tuning processes, serving solely as a benchmark to 
evaluate the final convergence and generalization capability of the network.
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To investigate the influence of sample size on the performance of the Residual U-Net, 
five groups of nested subsets of 500, 1000, 2000, 3000 and 4000 images were created for 
the training set, with corresponding subsets of 50, 100, 200, 300, and 400 images for the 
validation set, in an incremental manner. This was done by expanding the subset from one 
gradient to the next, where the incremental samples were acquired from the remaining 
sample pool via stratified sampling based on the four scenario categories and directly 
appended to the previous subset. This approach avoids potential oscillations in the data 
distribution caused by re-randomization.

2.1.3.  Image Annotation, Mask Generation, and Data Linkage
Preprocessed 420 × 420 pixel standard original images (archived in a raw folder) 

were processed using a multi-step workflow comprising interactive image annotation, 
inter-annotator quality control, single-channel mask generation, and data linkage for 
network training.

(1) Interactive Image Annotation Protocol

Image annotation was executed using a custom OpenCV-based graphical user interface 
(GUI) tool featuring a side-by-side view displaying the original image alongside a real-
time annotation overlay. To reduce high-frequency noise from mesh-grid background 
fibers, input RGB images were converted to single-channel grayscale and smoothed using a 
5 × 5 Gaussian kernel. An inverse binarization function was then applied to extract candidate 
dust regions, which were visually displayed in light green (RGB: 0, 200, 0) on the right-hand 
preview panel. Annotators manually fine-tuned the binarization threshold (defaulting to 85, 
with a step size of ±1). As the threshold was adjusted, the system calculated the dust area 
in real time. Once the light green overlay visually aligned with the physical boundaries of 
dust coverage, the annotation was submitted. The system automatically removed auxiliary 
interface elements and saved the clean process-labeled images into a marked folder.

(2) Inter-Annotator Quality Control

To ensure annotation consistency, Cohen’s Kappa coefficient was calculated to evaluate 
the agreement between two independent annotators for each image. An annotation result 
was accepted into the official masks library only if its single-image Cohen’s Kappa coefficient 
exceeded 0.90. In cases where the initial coefficient fell below 0.90 or when spatial boundaries 
were disputed, a third senior researcher (the academic supervisor) acted as an independent 
arbitrator to moderate a consensus review and determine the final ground truth mask.

Furthermore, the robustness of the “worst-case” class assignment principle, which 
states that an image exhibiting heterogeneous dust deposition is categorized according 
to its maximum localized dust thickness, was rigorously verified. Assigning labels based 
on peak localized thickness ensures that critical airflow resistance bottlenecks and high-
risk microbial breeding zones are never under-represented, establishing a robust, safety-
conservative warning threshold for operational filter maintenance.

(3) Binary Mask Generation

In the mask generation stage, a Python script converted the accepted threshold an-
notation images from the marked folder into single-channel binary masks at the original 
resolution (420 × 420 pixels). Dust-clogged regions were assigned a pixel scale value of 
0 (black), while clean, unobstructed mesh areas were set to 255 (white). These gener-
ated single-channel masks were saved in a masks folder to serve as the ground truth for 
pixel-level semantic segmentation by the Residual U-Net.
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(4) Multi-Task Data Linkage

In the data linkage stage, index relationships between images and physical thickness 
data were established via CSV files (training_labels.csv and validation_labels.csv) stored in 
a thickness folder. Each row in the CSV files corresponded to an individual image, linking 
its unique identifier to its assigned three-tier dust thickness category label (defined in 
Section 2.1.1). By aligning the original images (raw), pixel masks (masks), and physical 
thickness labels, the network established a direct quantitative correlation between the visual 
morphological blockage of the filter mesh and the actual dust thickness during training.

2.2.  Model Training and Performance Evaluation
2.2.1.  Model Selection and Description

To identify the optimal baseline for dust segmentation under complex mesh-grid in-
terference, we evaluated established semantic segmentation paradigms, including classic 
U-Net family variants and DeepLabV3+. Although DeepLabV3+ is widely recognized for 
multi-scale context capture using atrous spatial pyramid pooling (ASPP), its aggressive 
dilated convolutions and feature-map down-sampling often sacrifice low-level spatial de-
tail, leading to continuous boundary degradation when segmenting sub-millimeter mesh 
threads. In contrast, symmetric U-shaped encoder–decoder architectures equipped with 
skip connections excel at recovering high-resolution geometric boundaries.

The Residual U-Net was ultimately prioritized because it integrates residual connec-
tions into the convolutional units of the traditional symmetric U-shaped algorithm, enabling 
identity mappings that allow gradients to propagate without loss [44]. This structure not 
only deepens the network to facilitate the extraction of semantic features related to varying 
dust thicknesses but also effectively mitigates interference from the filter’s inherent grid 
patterns and complex lighting conditions, thereby improving the recognition accuracy for 
the pixel-level three-class classification task.

2.2.2.  Model Training and Strategies
Based on a shared feature encoder (see Section 2.2.4 U-Net Model Framework), the 

models incorporated dual-decoder branches for region segmentation and dust thickness 
classification, enabling the simultaneous acquisition of the spatial distribution of dust on 
the filter and its severity level. Leveraging the geometric axial symmetry of the filter mesh 
frame and the directional invariance of surface dust deposition, random horizontal flipping 
(with a probability of 50%) was introduced during the data input stage. This approach 
enhances the model’s generalization capability while reducing the workload associated 
with on-site sample acquisition. To ensure full reproducibility of the experimental results, 
a deterministic pseudorandom seeding protocol was employed during model training. 
Detailed hyperparameter settings are listed in Table 1.

Region segmentation loss (LSeg ) and thickness classification loss (LThick ) were used 
as indicators to evaluate model performance in segmentation and thickness classification, 
respectively. The total loss (LTotal ), the sum of the two, was used to address the dual-branch, 
multi-task learning of the model [45,46].

Over the training period of 50 epochs, the U-Net algorithm automatically recorded 
the overall validation loss on the validation set for each epoch and determined the weight 
parameters corresponding to the epoch with the lowest loss as the final model for evaluation. 
Detailed implementation of the training protocol, hyperparameter configurations, and 
the complete model workflow are provided in Supplementary Method S1. To ensure 
robust training, online data augmentations (random flips and rotations), L2  regularization 
(1 × 10−4 ), and a cosine annealing learning rate schedule (decaying from 2 × 10−4  to 1 × 10−6 ) 
were implemented. The joint loss function weights were set to λSeg  = 1.0 and λThick  = 0.5.
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Table 1. Key hyperparameter settings for Residual U-Net model training.

Parameter Value Description

Framework PyTorch/Python 3.11 Underlying network topology and tensor 
computation platform

Input Resolution 420 × 420 × 3 Standard RGB three-channel micro-dust slice matrix

Batch Size 32 Optimized for memory capacity, tensor throughput, 
and convergence stability

Optimizer Adam Adaptive gradient update driver with L2  weight decay 
(1 × 10−4 )

Learning Rate 2 × 10−4 Cosine annealing schedule
(ηmin  = 1 × 10−6 )

Data Augmentation Random Flips and Rotation Online visual augmentations to enhance model 
spatial robustness

Epochs 50 Data iteration cycle covering the training and 
validation sets

Loss Function λSeg  LSeg  + λThick LThick Balanced joint loss
(λSeg  = 1.0, λThick  = 0.5)

Hardware Intel Ultra 7 265 K + RTX 5070 Ti NVIDIA CUDA backend acceleration driver

2.2.3.  Performance Evaluation Metrics and Efficiency Measurement
Three performance metrics were evaluated: dust area segmentation precision, thickness 

classification accuracy, and engineering computational efficiency. The specific calculation 
formulas for all metrics are summarized in Table S1 of the Supplementary Material. Regard-
ing dust area segmentation precision, the intersection over union (IoU) and Dice coefficient 
were adopted as core indicators. Both quantify the geometric overlap between the dust area 
predicted by the model and the actual ground truth masks. For thickness classification, 
image-level classification accuracy (accuracy) was used as the standard, calculated as the 
ratio of images that were correctly assigned to their respective physical thickness levels 
(categories 1, 2, and 3) relative to the total number of evaluated images.

In terms of engineering computational efficiency, in addition to recording the training 
time required for model convergence, we focused on three hardware-level metrics: the 
number of network parameters (Params), giga floating-point operations (GFLOPs), and 
single-pass inference latency (latency). These metrics are critical for evaluating the op-
erational feasibility of deploying the model on micro-edge computing units that can be 
integrated into split air conditioners in the future.

2.2.4.  U-Net Model Framework
To address the complex mesh textures of air conditioning filters and the limitations of 

traditional segmentation networks in preserving spatial physical information during deep 
down-sampling, a dual-task parallel model framework, as illustrated in Figure 2, was used. 
The network comprises a shared residual feature encoder, a region segmentation decoder, 
and a dust thickness classification decoder.

(1) Shared Feature Encoder

The input consisted of preprocessed 420 × 420 pixel standard grayscale images. De-
parting from conventional single-layer convolution patterns, the encoder fully integrated 
residual convolution blocks (ResBlock). Each residual block contained two consecutive 
3 × 3 convolution layers, a BatchNorm2d layer, and a ReLU activation function. An iden-
tity mapping skip connection (shortcut) was incorporated to ensure that low-level spatial 
information and boundary features are propagated to deeper layers without degradation. 
The encoder performed progressive down-sampling via three MaxPool2d layers. While the 
channel depth was incrementally increased (32, 64, 128), the feature matrix dimension was 
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compressed to 52 × 52 × 256 at the central bottleneck, facilitating the preliminary extraction 
of both the global regular background of the filter mesh and the irregular distribution 
characteristics of foreign matter.

 

Figure 2. Framework of the proposed dual-task parallel Residual U-Net.

(2) Region Segmentation Decoder

The segmentation branch received feature information from the central bottleneck and 
employed transposed convolution (ConvTranspose2d) for progressive up-sampling to recon-
struct spatial details. To compensate for edge blurring caused by high-ratio down-sampling, 
the network utilized symmetric, balanced skip connections to concatenate (Concat) the 
low-level spatial features retained by the encoder at each stage with the up-sampled features. 
Residual convolution units were used to smooth the concatenated features. Finally, the 
output end utilized a 1 × 1 convolution layer followed by a sigmoid activation function to 
generate a 420 × 420 × 3 pixel-level probability mask, which was used to localize the specific 
physical regions of dust blockage on the filter.

(3) Dust Thickness Classification Decoder

To achieve a quantitative assessment of the filter’s blockage severity while outputting 
its spatial distribution, the network incorporated an independent, parallel thickness de-
termination branch. This branch maintained an isomorphic topology to the segmentation 
decoder, similarly leveraging transposed convolution and symmetric skip connections 
to progressively recover feature resolution. In the output layer, the branch employed a 
1 × 1 convolution to produce a classification matrix with three output channels. Each chan-
nel in this matrix independently corresponded to one of the three physical dust thickness 
levels defined previously (Category 1: <1 mm; Category 2: 1–2 mm; Category 3: >2 mm). 
The output from this branch not only provided an overall blockage evaluation for the en-
tire filter but also, when combined with the segmentation branch, enabled fine-grained 
discrimination of dust thickness variations across different local regions.
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2.2.5.  Evaluation Metrics for Filter Dust Blockage
Unlike in the case of contaminants on the smooth interior surfaces of air conditioning 

units, airflow restriction across a mesh-grid filter is physically dictated by the reduction in 
the effective opening area of the mesh. Initial dust deposition merely coats the surface of 
individual filter threads, leaving the opening apertures largely unobstructed. As dust layer 
thickness increases, dust particles bridge across adjacent filaments, progressively reducing 
the opening and eventually forming a continuous dust cake. A simple two-dimensional area 
ratio alone is physically insufficient to distinguish between minor filament surface coating 
and continuous dust cakes that completely occlude the mesh pores. Furthermore, a single-
image classification label fails to capture the spatial details of local, non-uniform blockage.

To address this problem, this study integrated the dual-branch prediction results 
from the Residual U-Net to construct a filter dust accumulation index (DAI) intended 
for engineering warning purposes. It should be explicitly clarified that in the absence of 
direct aerodynamic pressure drop sensing across the photographic samples, the DAI is 
formally defined as a relative heuristic proxy metric rather than an absolute physical pressure 
calibration. For a single local sub-image, the calculation formula is defined as follows:

DAI = Rseg × 𝜔( c ) × 100

where Rseg ∈ [ 0, 1] represents the proportion of the dust-covered area within the image as 
detected by the segmentation branch of the network. The term 𝜔( c )  denotes the dimension-
less thickness-based penalty weight determined by the thickness classification branch. 𝜔( c ) 
was assigned a weight of 0.2, 0.6 and 1.0 for dust thickness categories 1, 2 and 3 (Category 1 
(<1 mm, median 0.5 mm), Category 2 (1–2 mm, median 1.5 mm), and Category 3 (>2 mm, 
representative thickness 2.5 mm)), corresponding to a physical thickness ratio of 1:3:5. By 
normalizing the weight of the most severe level (Category 3) to 1.0, the discrete penalty 
weights of 0.2, 0.6 and 1.0 were assigned to reflect the proportional increase in physical 
blockage severity.

2.3.  Model Performance Testing
To rigorously evaluate the generalization ability and operational robustness of the 

trained Residual U-Net, an independent test set comprising 500 images (see Section 2.1.2) 
was deployed. To eliminate data leakage, these test images were strictly excluded from 
all training iterations and hyperparameter tuning procedures. During the testing phase, 
preprocessed 420 × 420 pixel images were fed into the model, without manual intervention 
or post-processing. For each input image, the dual-branch algorithm concurrently generated 
a pixel-level binary prediction map and an image-level thickness category label.

Performance metrics were then automatically computed across the entire test set. For 
the spatial distribution recognition, we focused on the parameters of intersection over union 
(IoU) and Dice similarity coefficient (Dice), quantifying the network’s capability to accu-
rately delineate dust coverage despite complex lighting conditions and filter background 
interference. For the dust accumulation degree assessment, we focused on classification 
accuracy, calculating the network’s success rate in determining the dust thickness clas-
sification (Categories 1, 2, and 3) of unseen images. Furthermore, a classification error 
matrix (confusion matrix) was established based on these 500 independent test samples to 
systematically analyze the granular error distribution across Category 1, Category 2, and 
Category 3.
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3.  Results
3.1.  Performance of Five Dual-Branch U-Net Models

As the first step, we evaluated five dual-branch U-Net models for the selection of the 
most suitable model for this application. All five models were trained using a moderate-
scale training set of 1000 images paired with a validation set of 100 images (a strict 10:1 
ratio). Screening models on a moderate sample size prevents massive training data from 
masking structural representation flaws. Model training relied solely on the validation set 
for hyperparameter optimization and early stopping.

Table 2 summarizes the performance comparison of the five dual-branch U-Net al-
gorithms. The five evaluated U-Net models all demonstrated extremely high thickness 
classification accuracy (97–98%), except for Mobile U-Net (93%). However, Residual U-Net 
had the lowest discriminative error (total loss = 0.24). It also achieved the highest IoU 
(82%) and Dice (91%) in spatial segmentation tasks, indicating that the residual connections 
effectively preserved the physical boundary information of the filter mesh, enabling more 
accurate discrimination between complex flocculent dust and background grids.

Table 2. Performance comparison of five different U-Net models.

Model 
Algorithm

Best 
Epoch

Params
(M) GFLOPs Inference 

Latency (ms)
Time per 
Epoch (s) Total Loss IoU

(%)
Dice
(%)

Accuracy 
(%)

U-Net 35 2.68 17.57 2.66 32.41 0.30 79 88 97
U-Net++ 31 2.28 5.24 2.88 30.86 0.41 73 84 98
Attention 

U-Net 37 2.73 18.01 4.16 52.29 0.33 81 89 97

Residual U-Net 38 2.82 18.53 3.27 33.01 0.24 82 91 97
Mobile U-Net 49 0.62 5.35 3.33 31.37 0.31 78 88 93

Significant differences were observed in hardware computational requirements among 
the models. Mobile U-Net reduced the parameter count to 0.62 M using depthwise separa-
ble convolutions, while the standard U-Net exhibited the fastest single-inference latency 
(2.66 ms). In contrast, despite its relatively higher parameter count (2.82 M) and compu-
tational complexity (18.53 GFLOPs), the Residual U-Net maintained a forward inference 
latency of 3.27 ms on the graphical computing platform used.

A qualitative analysis of the segmentation masks and thickness classification results, 
as shown in Figure 3, demonstrates that the predictions from the Residual U-Net (Figure 4) 
exhibit the highest concordance with the ground truth in both the dust pollutant ratio 
(69% predicted vs. 70% ground truth) and the thickness classification task (correctly 
predicting the matching Category 1). These qualitative comparisons further confirm that, 
by leveraging its residual connection mechanism, the Residual U-Net effectively mitigates 
visual interference from complex mesh backgrounds, accurately discriminates between clean 
pores and accumulated dust, and achieves the best overall performance in the dual-branch 
filter blockage assessment task.

Figure 4 illustrates the performance metrics across the five U-Net models. Detailed 
training and validation curves for segmentation and thickness losses are provided in Supple-
mental Figure S2. The validation curves for both total loss and segmentation loss indicate 
that the Residual U-Net exhibits superior training efficiency and convergence stability. 
Within the first 10 epochs, the validation error of the Residual U-Net declined rapidly, 
ultimately reaching its global minimum between the 35th and 40th epochs. The validation 
curves for intersection over union (IoU) and the Dice coefficient further corroborate the 
robustness of the residual algorithm. The validation Dice curve of the Residual U-Net 
showed the most rapid recovery in the initial stage and maintained exceptional stability 
upon reaching the plateau phase, consistently hovering around 90%. In the dust thickness 
classification task, the validation curves for classification accuracy displayed fluctuation 
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patterns distinct from those observed in the segmentation task. While the segmentation 
metrics tended to smooth out during the plateau phase, the classification metrics exhib-
ited intense oscillations throughout the entire training cycle. The network’s heightened 
sensitivity to micro-variations in samples resulted in wide oscillation amplitudes in the 
validation classification curves across all five models. Despite these overall fluctuations, the 
classification accuracy of the Residual U-Net remained stable above 90% after 30 epochs, 
with no evidence of performance degradation resulting from overfitting.

 

Figure 3. Comparison of dust accumulation masks and identification results of the five models against 
the ground truth.

3.2.  Performance of Residual U-Net Under Different Sample Sizes
Since the Residual U-Net demonstrated the best performance overall, it was selected for 

this study. The performance of the Residual U-Net model was further evaluated across five 
different sample sizes (500:50, 1000:100, 2000:200, 3000:300, and 4000:400) to understand 
the effects of sample size. The results are presented in Figure 5. While model performance 
generally improves with increasing dataset size, the gains begin to exhibit diminishing 
returns once the sample size exceeds 2000. It can be observed from the validation total 
loss curves that the 500- and 1000-sample groups exhibited intense numerical oscillations 
throughout the training cycle, with relatively high error baselines, indicating that small-scale 
data are insufficient to capture the diversity of complex lighting and dust morphologies on 
actual filters.

When the sample size was expanded beyond 2000, the validation total loss values 
decreased rapidly and converged to a very low level. As detailed in Supplemental Figure S3, 
both the validation segmentation loss and thickness classification loss reached their lowest 
values among the five sample sizes (0.12 and 0.10, respectively), demonstrating exceptional 
convergence stability across both multi-task branches. 
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Figure 4. Comparison of training and validation performance metrics for the five U-Net variants over 
50 epochs.

The dataset containing 2000 training samples and 200 validation samples achieved a 
stable validation Dice score (>89%), outperforming the 3000/300 dataset (which exhib-
ited Dice fluctuations around 86%). Although the validation thickness accuracy of the 
3000/300 dataset (93%) was slightly higher than that of the 2000/200 dataset (92%), its 
validation total loss (0.30) was also higher than the latter (0.28). These results indicate that 
expanding the dataset beyond 2000 samples introduces redundancy, potentially leading to 
overfitting and diminished returns. Therefore, the 2000-sample dataset was selected as the 
optimal size.

This optimization of sample size, by balancing data diversity and model complex-
ity, further mitigates overfitting, avoids over-parameterization and data redundancy, and 
prevents the inflation of training metrics.
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Figure 5. Performance of the Residual U-Net under different training sample sizes (Left: Training 
dataset; Right: Corresponding validation dataset).

3.3.  Reliability of Residual U-Net Performance
To verify the reliability of the reported performance and exclude potential bias arising 

from stochasticity, we conducted five repeated independent trials using the optimal 2000-
sample configuration. Across the five repeats, the validation Dice coefficient of the Residual 
U-Net remained consistently above 87%, achieving a mean of 88% with a standard deviation 
(SD) of merely 1%. Furthermore, the standard deviations for all performance metrics, in-
cluding total loss, segmentation loss, thickness loss, segmentation IoU, Dice coefficient, and 
thickness classification accuracy, did not exceed 2% (Table S2, Supplementary Materials). 
These results confirm that the observed high performance is not a consequence of random 
weight initialization but rather an intrinsic, stable, and reproducible characteristic of the 
proposed model, thereby effectively mitigating stochastic bias in model evaluation.
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Throughout the 50-epoch training phase (Figure 6, left set of subplots), the perfor-
mance curves of the five repeats exhibited high consistency and almost complete overlap. 
Following a rapid optimization phase within the first 10 epochs, the training loss and ac-
curacy metrics (IoU, Dice, and thickness classification accuracy) demonstrated smooth 
convergence. During the validation phase (Figure 6, right set of subplots), they exhibited 
slightly wider oscillation amplitudes in specific epochs compared to the training phase, 
particularly in thickness loss and classification accuracy, along with a modest generalization 
margin relative to the training baselines. These fluctuations and the modest generalization 
margin are primarily attributable to the smaller sample size of the validation set (200 images) 
and evaluation on unseen filter geometries, while the bounded performance gap confirms 
that the model maintained robust generalization capability without severe overfitting.

Figure 6. Reliability and reproducibility analysis of the Residual U-Net across five independent 
training trials using 2000 training and 200 validation samples.
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3.4.  Qualitative Case Study of Residual U-Net Performance
Figure 7 illustrates the identification and classification process of the Residual U-Net 

model under three representative dust accumulation scenarios: mild (Category 1), moderate 
(Category 2), and severe (Category 3). The model’s predictions are highly consistent 
with the visually observed physical blockage. In the mild accumulation (Category 1) 
scenario (Figure 7, top), where only a thin layer of dust is attached to the mesh threads, the 
model measured a blocked area ratio of 49.5% and calculated a DAI of 9.9 (49.5% × 0.2). 
Considering that the intrinsic mesh threads of the filter occupy approximately 45% of 
the planar area, this correctly reflects a mild dust accumulation. As the flocculent dust 
accumulation intensifies, transitioning to the moderate accumulation (Category 2) scenario 
(Figure 7, middle), the model measured a dust-blocked area of 88.7% and determined it 
to be of moderate thickness, with a DAI value of 53.3 (88.7% × 0.6). In the severe dust 
accumulation (Category 3) scenario, characterized by dense, caked dust deposits (Figure 7, 
bottom), minimal effective ventilation pores remain. The model detected a dust-blocked 
area of 96.3%, assigned the highest severity level, and calculated a DAI of 96.3 (96.3 × 1.0). 
These real-world cases demonstrate that the proposed dual-branch algorithm is capable 
of not only accurately delineating the spatial distribution of dust and calculating the dust 
pollutant ratio but also integrating thickness estimation to classify the dust accumulation 
degree (Categories 1–3) and compute the comprehensive DAI.

Figure 7. Examples of dust identification and thickness classification on filters under mild (top), mod-
erate (middle), and severe (bottom) accumulation scenarios. (a) Original images; (b) grayscale pre-
processed images; (c) first-stage segmentation images; (d) second-stage mask images; and (e) third-
stage integrated classification results with DAI values.

3.5.  Model Performance on the Independent Test Set
Evaluation on 500 real-world test samples demonstrates that the Residual U-Net main-

tains robust feature extraction and thickness classification capabilities for the images inde-
pendent of the training and validation sets. As shown in Figure 8, the core performance 
metrics of mean intersection over union (IoU), mean Dice coefficient, and mean thickness 
classification accuracy reached 80%, 86%, and 93%, respectively. The scatter plot distribu-
tion of these 500 samples reveals that the metrics are highly clustered, exhibiting minimal 
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variance with no significant low-score outliers. Compared to the optimal metrics observed 
during the validation phase (IoU of 82%, Dice of 88%, and accuracy of 97%, as shown in 
Table 2), only marginal performance declines were observed.

Figure 8. Distribution of performance metrics for 500 independent test samples. (a) Segmentation 
IoU; (b) segmentation Dice; (c) thickness classification accuracy.

Across five independent training trials and the independent test set of 500 unseen 
samples, the model demonstrates exceptional training stability and reproducibility across 
both dust area segmentation and thickness classification tasks. On the training set, the 
segmentation IoU, Dice coefficient, and thickness classification accuracy reached 82 ± 1%, 
88 ± 1%, and 97 ± 1%, respectively. Corresponding metrics for the validation set were 
81 ± 2%, 85 ± 3%, and 94 ± 4%, with the standard deviations of error metrics maintained 
at a remarkably low level, indicating no gradient divergence arising from overfitting.

To further investigate the granular behavior of the thickness classifier across the 500 test 
samples, the three-level classification error matrix (confusion matrix) was computed and is 
summarized in Table 3. Among the 500 independent samples, 465 were correctly classified, 
yielding an overall accuracy of 93%. The error distribution analysis reveals that prediction 
errors are overwhelmingly concentrated between adjacent categories: misclassifications 
between Category 1 (mild) and Category 2 (moderate) accounted for 60% of total errors 
(21 out of 35 misclassifications), while errors between Category 2 and Category 3 repre-
sented 34.3% (12 cases). In contrast, extreme cross-category confusions (i.e., Category 1 
misclassified as Category 3, or vice versa) were extremely rare, accounting for only 5.7% 
(2 cases). Qualitatively, prediction failures were mainly driven by two visual scenarios: 
(1) ultra-thin dust films (Category 1) masked by high-contrast mesh backgrounds and 
(2) localized dust heaps (Category 2) creating deep casting shadows under oblique lighting, 
leading to overestimation as Category 3.

Table 3. Classification error matrix (confusion matrix) of the three-level dust thickness categorization 
for the 500 independent test samples using the Residual U-Net.

True Category Predicted Cat. 1 Predicted Cat. 2 Predicted Cat. 3 Total True Samples Class Accuracy

Cat. 1 188 11 1 200 94%
Cat. 2 10 182 8 200 91%
Cat. 3 1 4 95 100 95%

Total Predicted 199 197 104 500 Overall
93.0%

This localized error pattern stems from the continuous and transitional physical nature 
of dust accumulation on mesh threads. These adjacent-category misclassifications have 
negligible implications for the dust accumulation index (DAI). Because the DAI integrates 
spatial area ratios with graded physical penalty weights, minor boundary confusions 
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between adjacent thickness states result in a smooth, bounded shift in the final index rather 
than abrupt rating jumps. This structural resilience ensures that the DAI remains a stable 
and reliable proxy metric for real-world filter condition assessment.

4.  Discussion
In this study, to ensure the model’s reliability under complex, real-world conditions, 

we adopted a stratified sampling strategy covering four different use scenarios of filters 
that encompass varying degrees of mesh degradation and diverse dust loads, thereby 
compelling the model to learn the heterogeneous physical morphology of the dust rather 
than merely fitting the background color of the filter mesh. This aligns with recent empirical 
studies on the distribution of microorganisms and particulate matter in HVAC internal 
components, ensuring robust generalization capabilities when addressing unknown on-site 
environments [47,48].

In addition, our proposed DAI overcomes the limitations of planar vision in assessing 
three-dimensional dust accumulation in the filter. Mathematically, the lower threshold 
DAI = 20 represents the absolute theoretical ceiling for Category 1 accumulation (Rseg  = 1.0, 
𝜔(1)  = 0.2), guaranteeing that any DAI < 20 strictly corresponds to benign surface coating 
without active pore blockage. Conversely, the upper threshold DAI = 50 represents a 
critical failure boundary, mathematically equivalent to 50% area coverage under severe 
Category 3 occlusion (Rseg  = 0.5, 𝜔(3)  = 1.0) or over 83% coverage under Category 2 
particle bridging (Rseg  = 0.833, 𝜔(2)  = 0.6). Given that the thickness of dust on the mesh-
grid filter is heterogeneous, this study adopts a worst-case labeling principle for image 
classification, under which the classification is based on the highest thickness of dust on 
the filter. The area-multiplication logic of the Residual U-Net can automatically smooth 
out noise from isolated, highly accumulated dust points, ensuring that the DAI objectively 
reflects the true overall dust accumulation degree of the region. Although the proposed dust 
accumulation index (DAI) effectively integrates planar coverage with thickness penalties 
to reflect overall clogging severity, it currently operates as a physical proxy metric. Future 
work will incorporate dedicated wind-tunnel testing and real-time power meters to directly 
quantify the mathematical mapping between DAI values, actual filter pressure drop (△P), 
and air conditioner energy consumption penalties.

By introducing residual connections, which establish paths that allow input features 
to bypass intermediate convolutional layers and merge directly with deeper features, the 
Residual U-Net model can prevent the loss of critical spatial information during deep feature 
extraction. This algorithm enables the network to extract high-level semantic features of dust 
distribution while preserving low-level structural details, thereby effectively overcoming the 
inherent mesh-grid background textures and complex lighting interference of images from 
air conditioning filters. The superior performance and convergence stability of the proposed 
Residual U-Net stem directly from its specific mechanisms, which effectively resolve the 
challenge of separating irregular dust features from highly regular filter mesh backgrounds. 
First, the integration of residual connections via identity mapping in the Residual U-Net 
facilitates lossless backpropagation of gradients during early training. This architectural 
feature prevents gradient attenuation when isolating complex, non-uniform dust boundaries 
against dense grid lines. In contrast, the dense nested skip pathways in U-Net++ introduce 
severe feature redundancy under high-frequency mesh backgrounds, triggering severe 
validation loss fluctuations. Second, during the plateau phase, the Residual U-Net maintains 
smooth convergence by leveraging its residual bottlenecks to suppress local background 
noise. Conversely, the absence of explicit residual constraints in conventional U-Net and 
Attention U-Net renders them susceptible to local grid noise, manifested as persistent saw-
tooth oscillations in dust edge detection. Finally, regarding the multi-task framework, the 
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dual-branch shared feature encoder in the Residual U-Net plays a critical role in mitigating 
label switching between adjacent thickness categories. Because real-world dust is spatially 
irregular and morphologically abstract compared to 2D area, the shared encoder effectively 
decouples background mesh textures from geometric volume features. This balances the 
optimization progress between spatial localization and severity classification, enabling 
synergistic convergence across both tasks.

While non-intrusive filter diagnostics have traditionally relied on differential pressure 
monitoring, recent computer vision studies have begun evaluating filter degradation, such 
as extracting global grayscale histograms combined with machine learning (e.g., XGBoost) 
to predict overall clogging ratios [49] or leveraging flatbed optical scanner analysis with 
multilayer perceptron neural networks (MLP-ANN) to map surface RGB color/grayscale 
intensities to particulate accumulation [50]. However, these global statistical methods lack 
pixel-level spatial localization and multi-class thickness resolution. In contrast, our ap-
proach overcomes the limitations of planar vision by introducing a dual-branch architecture 
that simultaneously resolves local geometric boundaries and thickness categories at the 
pixel level, thereby advancing filter inspection from macroscopic global estimation to fine-
grained spatial diagnosis. In the absence of standardized benchmark datasets specifically for 
pixel-level dust segmentation on mesh-grid filters, evaluating our Residual U-Net against 
mature cross-disciplinary computer vision tasks provides essential reference coordinates. In 
medical image analysis, such as retinal vessel extraction [51–53] or brain tumor segmenta-
tion [54,55], U-Net variants based on residual mechanisms typically achieve Dice similarity 
coefficients ranging from 80% to 90%. In industrial surface micro-defect detection [56–58] 
and agricultural leaf disease segmentation [59–63], mainstream lightweight segmentation 
models generally report intersection over union (IoU) values between 75% and 85%. The 
performance of our model on the independent test set—an IoU of 80% and a Dice coefficient 
of 86%—is on par with these mature cross-disciplinary standards, and it even demonstrates 
superior stability in training convergence. Notably, a minor performance discrepancy was 
observed between the validation and test sets: mean IoU and Dice similarity dropped 
by approximately 2 percentage points, while three-level thickness classification accuracy 
decreased by roughly 4 percentage points. This slight drop is primarily attributed to our 
strict physical-filter-based dataset partitioning strategy (Section 2.1.2), which evaluates the 
model on completely unseen physical mesh structures under diverse operational lighting, 
confirming robust out-of-sample generalization without data leakage.

It is noteworthy that, unlike medical imaging, which is often enhanced with contrast 
agents, or industrial metal surfaces with relatively uniform backgrounds, the filter meshes 
studied here generate high-frequency background noise due to their highly periodic and 
dense plastic grids, which significantly interfere with feature extraction by convolutional 
operators [64]. This challenge of segmenting fine, continuous structures is also considered 
a core difficulty in complex medical imaging tasks such as retinal vessel extraction [52]. 
In those fields, while hard attention mechanisms are frequently employed to reinforce 
key regions [65], our study verifies that optimized residual connections alone can achieve 
excellent performance in mitigating grid background interference, with lower computational 
costs and a more concise algorithm.

Without reliance on complex multi-scale attention fusion modules (e.g., CBAM and 
Attention Gate) or massive data augmentation, the Residual U-Net achieved highly consis-
tent segmentation and classification through training on 2000 images, even for images with 
highly disruptive grid backgrounds. This result fully demonstrates the unique suitability of 
this network topology for handling geometric occlusions in mesh-grid filters. The introduc-
tion of residual connections not only effectively mitigates the vanishing gradient problem 
in deep network training but also enables the network to bypass redundant low-frequency 

https://doi.org/10.3390/buildings16224513

https://doi.org/10.3390/buildings16224513


Buildings 2026, 16, 4513 19 of 23

grid features, focusing instead on local variations caused by differences in dust thickness. 
This substantiates the model’s excellence in balancing high-efficiency data requirements 
with robustness in complex industrial environments.

From an engineering deployment perspective, it is noteworthy that, considering the 
actual operational context of air conditioning, dust accumulation on filters is a slow physical 
process occurring over weeks or months. Consequently, the system is not sensitive to 
millisecond-level response latency for on-site recognition. Therefore, incurring a marginal 
inference time increase of 0.61 ms (compared to the baseline U-Net) to achieve a significant 
improvement in segmentation accuracy (Dice coefficient exceeding 90%) is both reasonable 
and necessary. With an operational latency of less than 4 ms, the Residual U-Net fully meets 
the requirements for edge computing deployment. To realize real-world application, the 
proposed visual framework can be practically integrated by embedding a low-cost, miniature 
wide-angle camera within the front casing of smart split air conditioners, interfaced with an 
edge-computing Wi-Fi/IoT module for local inference or automated data transfer. Grounded 
in physical-level dust morphology and thickness metrics, appropriate cleaning thresholds 
can be dynamically established using the DAI scale and flexibly customized by users based 
on their specific indoor air quality requirements or health sensitivities. For instance, a 
baseline threshold of DAI = 50 (representing severe Category 3 clogging or extensive 
Category 2 bridging) can serve as an automated trigger for targeted maintenance alerts via 
companion mobile applications, shifting filter maintenance from subjective visual inspection 
or rigid schedules to proactive, personalized, and data-driven scheduling.

Some limitations of the study are worth mentioning. First, the model’s feature ex-
traction is heavily dependent on the imaging quality of the acquisition system. Under 
non-ideal conditions, such as extremely low light, strong backlighting, or severe shadow-
ing inside the equipment, the decrease in image contrast may lead to cross-level drifts in 
thickness classification. Future system integration should consider incorporating adaptive 
high dynamic range (HDR) imaging or near-infrared (IR) illumination modules to enhance 
the model’s resistance to harsh optical environments. Second, although heavy dust layers 
are widely recognized as breeding grounds for mold colonization within HVAC systems, 
current optical photography limits the dual-branch network to identifying morphological 
classifications of dust and pollutants, lacking the capability to serve as an absolute basis for 
identifying specific microbial species. Future research may attempt to establish a regression 
mapping relationship between specific microbial community abundances and visual feature 
parameters of the filter, thereby imparting deeper biological health risk warning significance 
to the DAI. Third, the economic viability of the proposed system for the residential and 
consumer segment has not yet been established and requires further, separate study. Fourth, 
image acquisition in the current stage was conducted with the front panel opened as a 
proof-of-concept to rigorously validate the performance of the computer vision framework. 
The physical integration of internal microcamera modules—including line-of-sight visibility 
and optical clearance when the cover is closed—remains an ongoing engineering task to be 
fully evaluated in future hardware prototypes.

5.  Conclusions
This study proposed and validated a deep-learning-based dual-task visual frame-

work for the image-based assessment of dust accumulation from photographs of split air 
conditioner mesh-grid filters, providing an objective tool to help plan filter cleaning and 
maintenance. Residual U-Net was chosen as the best among the five tested U-Net models. 
Evaluated on 500 independent field test samples, the model achieved an average intersec-
tion over union (IoU) of 80%, a Dice coefficient of 86%, and a dust thickness classification 
accuracy of 93%, with performance metrics deviating by only approximately 1% from the 
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validation baseline. The dual-branch feature of the model outputs simultaneously pixel-level 
dust area segmentation and a thickness classification, representing a significant advance-
ment in assessing dust accumulation on filters. The multi-metric-based dust accumulation 
index (DAI) proposed in this work reflects the severity of such accumulation and can be 
used as an indicator of the degree of filter clogging. This capability shifts filter maintenance 
from subjective, reactive visual inspection to objective, real-time, and actionable data-driven 
decision-making. Future research will focus on translating this technique into a remotely 
controlled, automated system to monitor dust accumulation and filter clogging, including 
integrating an internal microcamera into the equipment for image acquisition as well as a 
network for image upload and processing, helping air conditioner users to better assess the 
cleanliness of the filter in real time.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/buildings16224513/s1, Table S1: The calculation formulas for the 
evaluation metrics of the training model and the evaluation metrics of operational efficiency; Table S2: 
Performance and stability statistics of five independent training trials based on the optimal data 
configuration (2000 samples); Figure S1: Experimental setup and schematics for image acquisition; 
Figure S2: Detailed training and validation loss curves for the segmentation and thickness classification 
branches across the five U-Net variants; Figure S3: Detailed training and validation loss curves 
for the segmentation and thickness classification branches across different training sample sizes; 
Figure S4: Detailed training and validation loss curves for the segmentation and thickness classification 
branches across five independent training trials; Method S1: Implementation Details of the Residual 
U-Net Architecture.
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