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	 Smoke opacity is an important indicator for evaluating emissions from stationary pollution 
sources, but conventional visual inspection is still affected by observer subjectivity, illumination 
conditions, and background complexity. In this study, we propose a vision-based framework for 
the automatic estimation of smoke opacity levels from visible-light images. The proposed 
method consists of four sequential stages: smoke-region segmentation, smoke-type classification, 
local patch-based opacity estimation, and final decision making. First, a U-shaped convolutional 
network (U-Net) model is used to extract smoke regions and suppress irrelevant background 
interference. Next, a support vector machine classifies the segmented smoke as black smoke or 
white smoke. In accordance with the classification result, sampled local patches are processed by 
the corresponding convolutional neural network model to predict patch-level opacity classes. 
Finally, for each sampled patch, a top-k weighted strategy selects the k highest-scoring opacity 
classes and combines them using normalized score-based weights to obtain a continuous opacity 
estimate; the patch-level estimates are then averaged to derive the final image-level opacity 
value.  To evaluate the proposed framework, experiments were conducted on a collected dataset 
with physically measured opacity labels. The results show that the classification-based model 
achieved average testing accuracies of 90.16% for black smoke and 92.55% for white smoke. 
When the proposed top-k weighted method was used to estimate continuous opacity values, the 
accuracies reached 90.6% for black smoke and 96.0% for white smoke within an error tolerance 
of ±10%. These results indicate that the proposed framework provides an effective and practical 
approach for automated smoke-opacity estimation under real-world environmental conditions.
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1.	 Introduction

	 Air pollution monitoring has long been an important issue in environmental protection and 
industrial regulation. Among the indicators used for evaluating emissions from stationary 
pollution sources, smoke opacity is one of the most direct and practical measures because it 
reflects the visual density of emitted smoke and is closely related to combustion conditions and 
possible air pollution violations. In many countries, smoke opacity has traditionally been 
assessed by t ra ined obser vers  th rough v isual  inspect ion under specif ied 
observation conditions.(1,2) Although this approach has been widely used in regulatory practice, 
its reliability is still affected by human subjectivity and field conditions.
	 Previous studies and regulatory practices have established several representative approaches 
for smoke observation. In the United States, the Environmental Protection Agency (EPA) 
introduced Method 9 for the visual determination of smoke opacity and Method 22 for the 
observation of visible emissions.(1) In addition, digital-image-based approaches such as ASTM 
D7520-16 have been adopted to improve the objectivity and traceability of opacity evaluation.(2) 
These methods indicate that smoke assessment is gradually moving from manual visual 
judgment to digital and image-assisted analysis. In Taiwan, smoke inspection for stationary 
pollution sources is also regulated by relevant environmental laws and emission standards, and 
opacity criteria are used as an important basis for compliance evaluation and enforcement.(3–5)

	 In practical inspection, smoke is commonly categorized into black smoke and white smoke. 
Although the grading basis is the same, the interpretation process differs because the optical 
characteristics of black smoke and white smoke are not identical. Black smoke is generally 
produced by incomplete combustion and often appears as dark regions with relatively clear 
boundaries in images. By contrast, white smoke is more easily affected by condensation, 
scattering, high brightness, and background interference, and therefore usually exhibits weak 
boundaries and lower visual distinguishability. As a result, white smoke is often more difficult 
to interpret than black smoke in both manual inspection and image-based analysis.(1)

	 Despite the availability of regulatory procedures and digital monitoring concepts, several 
problems remain. First, conventional visual inspection still depends strongly on observer 
experience, viewing angle, illumination condition, and environmental background. Therefore, 
the inspection results may vary among observers or across monitoring conditions. Second, 
although some digital or optical systems have been proposed for smoke monitoring, many of 
them require costly instruments or are not sufficiently flexible for large-scale deployment. 

Third, existing image-based approaches are still limited in dealing with white smoke, transparent 
plumes, irregular smoke shapes, and complex outdoor backgrounds. These problems reduce the 
robustness and practical applicability of automated smoke assessment systems.
	 In our previous studies, we investigated image-based smoke analysis and related opacity 
estimation techniques.(6) Other researchers also reported that digital imaging and computer 
vision can provide a feasible alternative to conventional visual inspection for environmental 
monitoring. However, most existing methods mainly rely on brightness contrast, fixed analysis 
regions, or simplified smoke conditions, and they do not adequately address the difficulties 
caused by white smoke and background interference. Therefore, a more robust and practical 
framework is still needed for automatic smoke opacity estimation under diverse field conditions.
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	 In this study, we propose a vision-based method for the automatic estimation of smoke 
opacity levels from visible-light images. The proposed framework integrates smoke 
segmentation, smoke-type classification, and patch-based opacity estimation into a sequential 
learning pipeline. A U-shaped convolutional network (U-Net) model is first used to identify the 
smoke region, after which a support vector machine (SVM) is applied to distinguish black smoke 
from white smoke. Subsequently, local smoke patches are processed by the corresponding 
convolutional neural network (CNN)-based opacity estimation model, and the final smoke 
opacity value is determined through top-k aggregation. By separating smoke regions from 
complex backgrounds and accounting for the distinct visual characteristics of black smoke and 
white smoke, the proposed method is expected to improve the stability and reliability of smoke-
opacity estimation, particularly in challenging cases involving weak boundaries or background 
interference. The aim of this study is to develop a modular and regulation-aligned image-based 
sensing framework that can support future automated environmental monitoring and smoke 
inspection systems.

2.	 Related Work

	 Recent studies related to smoke analysis can be broadly divided into three categories: smoke-
region segmentation in images, real-time smoke and fire detection, and image-based smoke-
opacity measurement. For the first category, the main aim is to identify smoke regions under 
complex visual conditions. The second is focused on detecting the presence of smoke or fire for 
early warning and real-time monitoring. The third category is concerned with estimating plume 
opacity for environmental monitoring or regulatory purposes.
	 In smoke segmentation, deep-learning methods have been widely adopted to address the 
irregular shape, blurred boundary, and semitransparent appearance of smoke. Yuan et al.(7) 

proposed a deep smoke segmentation framework to improve pixel-level smoke extraction. Wang 
et al.(8) further applied a U-Net-based architecture to smoke segmentation in remote-sensing 
imagery. Andrade et al.(9) also investigated smoke segmentation in satellite-based wildfire 
applications, with emphasis on real-time discrimination between smoke and cloud regions. 
Other studies have investigated uncertainty-aware modeling,(10) noisy-label learning,(11) global-
context interaction,(12) and feature-space enhancement for faint smoke regions.(13) Those studies 
revealed that smoke segmentation remains challenging when smoke is transparent, when 
boundaries are weak, or when the background is visually complex.
	 In addition to segmentation-based studies, recent object-detection approaches based on the 
You Only Look Once (YOLO) detector have been applied to real-time smoke and fire 
monitoring. Kim et al.(14) developed an enhanced YOLO-based wildfire smoke detection system 
for a Jetson Xavier embedded environment. Their study was focused on real-time inference and 
edge deployment, and they showed that weighted loss design and focal loss can improve 
detection performance for challenging smoke samples. Lin et al.(15) proposed a lightweight 
YOLOv8n-based model for smoke and fire detection in complex environments. Rather than 
relying on a larger network, their method improved the model structure through lightweight 
feature extraction, multiscale feature fusion, attention-based feature enhancement, and an 
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improved loss design, thereby reducing computational complexity while maintaining detection 
performance. These studies indicate that deep-learning-based smoke and fire detection has 
become increasingly practical for real-time and edge-device applications.
	 Practical smoke monitoring or opacity-related applications have also been considered in 
several studies. Pedrayes et al.(16) proposed an automated method for opacity estimation in 
industrial emission monitoring. Wang et al.(17) studied black-smoke detection and class 
evaluation in ship-emission scenarios. Park et al.(18) developed a smoke-opacity measurement 
framework based on semantic segmentation and edge devices, and demonstrated the feasibility 
of combining smoke extraction with automated field deployment. In addition, digital optical 
methods using image devices, such as camcorders and smartphone cameras, have been explored 
for plume-opacity measurement.(19,20) These studies are important because they provide more 
objective alternatives to manual visual observation.
	 Although significant progress was made in previous studies, several limitations remain. First, 
many smoke-segmentation studies focus on wildfire, satellite, or maritime scenes rather than 
visible-light stack smoke in environmental inspection settings. Second, recent YOLO-based 
smoke and fire detection studies mainly focus on detecting the existence and location of smoke 
or fire, whereas they do not directly estimate smoke opacity values for regulatory inspection. 
Third, digital optical measurement methods still depend strongly on imaging conditions, 
background contrast, and camera setup. Third, relatively few studies explicitly distinguish black 
smoke from white smoke before opacity estimation, even though the two smoke types have 
substantially different visual characteristics.
	 To address these issues, we propose a regulation-oriented framework for visible-light smoke-
opacity estimation. The proposed method combines U-Net-based smoke segmentation, smoke-
type classification, and CNN-based opacity estimation. By separating smoke-region extraction, 
black/white smoke identification, and opacity prediction into different stages, the proposed 
framework is intended to improve robustness and practical applicability for stationary-source 
smoke monitoring.

3.	 Data and Methods

	 In this section, we present the proposed framework and its implementation in detail. The 
overall workflow is first described to illustrate the structure of the complete system. The models 
employed in each stage are then introduced, together with their design considerations. 
Subsequently, the dataset preparation procedure is presented, including data acquisition, 
annotation, preprocessing, and the division of samples into training, validation, and test sets 
according to the requirements of the proposed models. Finally, the training strategy and 
implementation details are described.

3.1	 Overall workflow

	 We propose an automated deep-learning-based framework for smoke opacity estimation, as 
illustrated in Fig. 1. The proposed framework consists of four sequential stages: smoke-region 
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segmentation, smoke-type classification, local patch-based opacity estimation, and final decision 
making. First, the smoke region is extracted from the visible-light image by semantic 
segmentation. Then, a 100 × 100 smoke-region patch above the stack outlet is selected for 
smoke-type classification. According to the classification result, several appropriate 64 × 64 
local patches are randomly sampled from the segmented smoke region and processed by the 
corresponding convolutional neural network (CNN)-based opacity estimation model. The 
predicted opacity levels from multiple local patches are further integrated using a top-k strategy 
to determine the final smoke opacity value. 
	 To reduce the influence of irrelevant background information, the proposed framework first 
applies a region-oriented segmentation process to isolate the actual smoke area before opacity 
estimation. A U-Net architecture is employed to generate semantic masks of smoke regions. 
Owing to its encoder–decoder structure and multiscale feature fusion capability, U-Net can 
effectively preserve spatial details near smoke boundaries while simultaneously capturing high-
level semantic information. This characteristic is particularly advantageous for smoke images in 
which blurred edges and irregular plume shapes are commonly observed. Using the segmentation 
result, a 100 × 100 patch is subsequently extracted from the isolated smoke region and used for 
smoke-type classification.
	 The smoke-type classification stage is introduced to address the intrinsic differences between 
black smoke and white smoke. Although both smoke types are evaluated on the same opacity 
grading basis, their optical characteristics differ substantially. Black smoke, which is typically 
rich in carbonaceous particles, exhibits stronger light absorption and higher contrast. In contrast, 
white smoke, which is mainly composed of water vapor and fine aerosols, often appears 
semitransparent, has lower contrast, and is more likely to blend with bright or complex 
backgrounds. If both smoke types are directly combined in a single estimation model, the 
underlying feature distributions may become inconsistent, thereby reducing prediction accuracy. 
Therefore, a dedicated classification stage is adopted to separate smoke images into black-smoke 
and white-smoke categories before opacity estimation.

Fig. 1.	 System architecture of the proposed framework.
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	 Finally, two independent CNN-based opacity estimation models are constructed for black 
smoke and white smoke. Each model predicts patch-level opacity classes from sampled 64 × 64 
local patches. The resulting predictions are then aggregated using a top-k strategy to derive the 
final smoke opacity value. Through this dual-path design, the proposed framework can better 
adapt to the distinct optical properties of different smoke types and generate more reliable 
opacity estimates.

3.2	 Smoke segmentation, smoke-type classification, and opacity estimation

	 The proposed framework is composed of three machine learning models: smoke 
segmentation, smoke-type classification, and opacity estimation. In this subsection, the design 
details and functional roles of these three components are described.

3.2.1	 U-Net-based smoke segmentation

	 To ensure that the estimation model focuses on meaningful smoke regions rather than 
background interference, a semantic segmentation module based on the U-Net architecture was 
adopted as the first stage of the proposed framework. This module serves as a preprocessing step 
for smoke-region extraction and binary mask generation, which are subsequently used for patch 
selection and opacity estimation.
	 As illustrated in Fig. 2, the U-Net model follows a standard encoder–decoder architecture. In 
the encoder, the input RGB image is progressively downsampled through repeated convolution 
and max-pooling operations to capture high-level semantic features. In the decoder, transposed 
convolution layers are used to restore spatial resolution, while skip connections are introduced to 
fuse low-level spatial details from the encoder with high-level semantic information from the 

Fig. 2.	 (Color online) The U-Net architecture.
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decoder. This structure enables the model to preserve fine boundary information while 
maintaining global contextual understanding, which is particularly important for smoke images 
with blurred edges, irregular shapes, or semitransparent regions.
	 By using the segmentation mask generated by U-Net, the proposed framework can reduce the 
influence of irrelevant background patterns and constrain subsequent processing to the smoke 
region of interest. This design is intended to improve the consistency of the following 
classification and opacity estimation stages.

3.2.2	 Smoke-type classification

	 After smoke-region extraction, a smoke-type classification step is performed to distinguish 
black smoke from white smoke before opacity estimation. Although both smoke types are 
evaluated under the same opacity grading basis, they exhibit substantially different optical 
characteristics. Black smoke generally shows stronger light absorption and higher contrast, 
whereas white smoke tends to be semi-transparent, lower in contrast, and more susceptible to 
interference from bright or complex backgrounds. If both smoke types are directly processed 
using a single estimation model, the resulting feature distributions may become inconsistent and 
reduce prediction reliability.
	 To address this issue, we employ a SVM as the smoke-type classification model. The input to 
the classifier is a 100 × 100 smoke-region patch selected from the segmented region above the 
stack outlet. From this patch, brightness-related features are extracted to characterize the visual 
appearance of the smoke region. These features are then used by the SVM to construct a decision 
boundary between black-smoke and white-smoke samples.
	 The SVM classifier is adopted because it is effective for binary classification problems with 
relatively low-dimensional features and provides a clear decision boundary for separating classes 
with distinct visual distributions. In the proposed framework, the classification result is used to 
determine the subsequent regression path, such that black-smoke and white-smoke samples are 
processed by their corresponding opacity estimation models. 

3.2.3	 CNN-based opacity estimation

	 Following smoke-type classification, smoke opacity estimation is performed using a CNN-
based model. Multiple appropriate 64 × 64 local patches are sampled from the segmented smoke 
region and used as the input to the network. To make the patch selection procedure more 
reproducible, the local patches are sampled in accordance with the segmentation mask generated 
by the U-Net model. Candidate patches are restricted to the smoke region above the stack outlet. 
A patch is selected only when its center is located within the segmented smoke mask and the 
patch overlaps the smoke region. For each test image, eight 64 × 64 local patches are randomly 
sampled from the valid smoke region for opacity estimation. This mask-guided sampling 
strategy is used to reduce the influence of background-dominant patches and to ensure that the 
sampled patches contain representative smoke information. These local patches are intended to 
capture representative spatial and intensity-related patterns associated with smoke opacity.
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	 As illustrated in Fig. 3, the proposed CNN architecture consists of three convolutional 
modules for hierarchical feature extraction. Each convolution layer employs a 3 × 3 kernel, 
followed by max-pooling operations that progressively reduce the spatial dimensions of the 
feature maps. Through this hierarchical structure, the network is able to learn local texture, 
intensity variation, and structural characteristics relevant to smoke opacity. The resulting feature 
maps are then flattened into a one-dimensional vector and passed through fully connected layers 
for opacity classification. The final output dimension is defined in accordance with the smoke 
type. 
	 To account for the substantial visual differences between black smoke and white smoke, two 
independent CNN models are constructed and trained separately. For black smoke, the final 
output layer contains four neurons corresponding to the four opacity classes of 20, 40, 60, and 
75%. For white smoke, the final output layer contains five neurons corresponding to the five 
opacity classes of 10, 20, 40, 60, and 75%. In this manner, the proposed framework can better 
accommodate the distinct optical characteristics and class distributions of the two smoke types.
	 Because opacity may vary across different local regions of the same smoke plume, the final 
smoke opacity is not determined from a single patch-level prediction. Instead, the predicted 
opacity levels obtained from multiple sampled patches are further integrated using a top-k 
strategy to derive the final smoke opacity value. This patch-based classification and aggregation 
process helps reduce the influence of locally unrepresentative regions and improves the 
robustness of the final estimation result.

3.3	 Dataset preparation 

	 In this subsection, we describe the preparation of the datasets used for U-Net-based smoke 
segmentation, smoke-type classification, and opacity estimation. It includes the data acquisition 
setup, the ground-truth measurement procedure, the label definition, the dataset composition, 
and the data augmentation and splitting strategies adopted for model development and 
evaluation.

Fig. 3.	 (Color online) Smoke opacity estimation model architecture.
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3.3.1	 Data collection setup

	 To investigate the feasibility of automating the visual smoke-opacity assessment procedure 
used in environmental inspection, representative smoke-image data were collected under 
standardized observation conditions. The data collection process was designed to establish a 
reliable correspondence between visible-light smoke images and physically measured opacity 
values.
	 Two outdoor experimental sites were established in Taiwan, located in Taoyuan and Tainan. 
The observation setup followed the image-acquisition principles specified in ASTM D7520, 
while also considering the regulatory requirements of Taiwan’s Ministry of Environment for 
stationary-source smoke-opacity evaluation. This design was intended to ensure that the 
collected image data were both representative and regulation-relevant.
	 As illustrated in Fig. 4(a), the observer and the camera were positioned at a horizontal 
distance greater than three times the stack height (𝐷 > 3𝐻), such that the elevation angle to the 
stack outlet remained below 18°. In addition, to reduce overexposure and improve the visibility 
of the smoke boundary, the observation direction was arranged under side-lighting to back-
lighting conditions, with the sun located within 70° behind the observer. These geometric and 
illumination constraints were adopted to improve image consistency and reduce variations 
caused by unstable viewing conditions. 
	 To simulate smoke emissions under controllable yet realistic outdoor conditions, a smoke-
generation device was installed at both experimental sites. The device was able to produce 
different smoke types, including black smoke and white smoke, with controllable opacity levels. 
During data acquisition, smoke images were recorded under natural illumination and varying 
background conditions to better reflect practical outdoor inspection scenarios.

3.3.2	 Ground-truth acquisition

	 To provide objective reference values for opacity labeling, a transmissive optical sensing 
device was installed at the middle section of the stack, as shown in Fig. 4(b). The sensing 

Fig. 4.	 (a) Observation geometry and illumination configuration for smoke-image acquisition. (b) Transmissive 
optical sensing device used for opacity measurement.

(a) (b)
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principle was based on the Beer–Lambert law. A light beam emitted from the source passed 
through the smoke medium and was attenuated by particle absorption and scattering. The 
remaining light intensity was measured by a photodetector placed on the opposite side, and the 
corresponding smoke opacity value was calculated from the difference between the emitted and 
transmitted light intensities.
	 This optical measurement system provided synchronized physical opacity values for the 
recorded smoke images and was used as the ground-truth source for dataset labeling. Compared 
with manual visual labeling, this approach reduces subjectivity and improves the consistency 
and traceability of the dataset.

3.3.3	 Label definition

	 Each recorded smoke image was assigned an opacity label on the basis of the measured value 
obtained from the optical sensor. Because black smoke and white smoke exhibited different data 
distributions in this study, separate class settings were adopted for the two smoke types. For 
black smoke, the opacity labels were grouped into four discrete classes: 20, 40, 60, and 75%. For 
white smoke, the opacity labels were grouped into five discrete classes: 10, 20, 40, 60, and 75%. 
These class definitions were used as the target labels for the corresponding CNN-based opacity 
estimation models.
	 Although practical smoke-opacity assessment standards may have finer grading intervals, 
smoke is a dynamic fluid phenomenon and its measured opacity can fluctuate considerably over 
time, even under the same nominal emission condition. In actual inspection practice, opacity is 
therefore not judged from a single instantaneous observation, but from measurements collected 
over a period of time and summarized as a representative average value. Following this 
consideration, the present dataset adopted a coarser class design than the finest grading interval, 
so as to improve label stability and reduce the effect of instantaneous fluctuation in smoke 
appearance and measurement.

3.3.4	 Dataset construction

	 After image acquisition and opacity labeling, the dataset was organized for subsequent 
smoke segmentation, smoke-type classification, and opacity estimation tasks. From each 
recorded image, a 640 × 640 square region containing the smoke plume was first extracted from 
the original scene for smoke segmentation. Before being input to the U-Net model, these cropped 
images were resized to 256 × 256 pixels. Each cropped smoke image was then manually 
annotated to generate a binary smoke mask for U-Net training. Representative black-smoke and 
white-smoke images together with their corresponding binary masks are shown in Fig. 5.
	 Before data augmentation, the original cropped dataset contained 161 images in total, 
comprising 80 black-smoke images and 81 white-smoke images. To increase data diversity and 
improve model robustness, three augmentation operations were applied to each image: horizontal 
flipping, angular variation, and angular variation followed by horizontal flipping. After 
augmentation, the dataset size was increased fourfold to 644 images, including 320 black-smoke 
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images and 324 white-smoke images. For model development, the augmented dataset was 
further divided into training and validation sets using an 8:2 split. In addition, an independent 
test set containing 43 images was reserved for the final performance evaluation, made up of 18 
black-smoke images and 25 white-smoke images.
	 For smoke-type classification, the same cropped smoke-region images were further processed 
to extract 100 × 100 patches located above the stack outlet. These patches were used as the input 
to the SVM classifier for distinguishing black smoke from white smoke.
	 For smoke opacity estimation, a substantially larger patch-level dataset was constructed. 
After smoke-type identification, multiple 64 × 64 local patches were sampled from the 
segmented smoke region of each image. Because multiple local patches were extracted from 
each smoke image, the total number of samples used for opacity estimation was much larger 
than that used for smoke segmentation and smoke-type classification.
	 Separate class settings were adopted for black smoke and white smoke in the opacity 
estimation stage. For black smoke, the CNN model was trained using four opacity classes: 20, 
40, 60, and 75%. For white smoke, the CNN model was trained using five opacity classes: 10, 
20, 40, 60, and 75%. The numbers of patch-level samples in each opacity class before and after 
sampling and augmentation are summarized in Table 1. Representative examples of five patches 
from each opacity level are shown in Fig. 6.

3.4	 Training strategy

	 Here, we describe the training strategies adopted for the three components of the proposed 
framework, namely, U-Net-based smoke segmentation, smoke-type classification, and CNN-
based opacity estimation. Because these components address different tasks and operate on 
different data representations, separate training procedures were designed for each of them. The 
corresponding strategies were developed to improve model robustness, enhance adaptability to 

Fig. 5.	 (Color online) Representative smoke images and their corresponding manually annotated binary masks 
used for smoke segmentation. The upper row shows black-smoke examples, and the lower row shows white-smoke 
examples.
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real-world environmental conditions, and ensure stable performance throughout the overall 
smoke-opacity estimation pipeline.

3.4.1	 U-Net fine-tuning strategy

	 A pretrained open-source U-Net model was adopted as the initial smoke-segmentation model 
in this study. Although the pretrained model showed satisfactory performance on its original 
training data, its segmentation quality degraded when applied to the real-world smoke images 
collected in this study. This performance drop was mainly caused by the domain gap between 
the original training images and the target scenes, which contained more complex backgrounds, 
including trees, buildings, shadows, and substantial variations in illumination. .
	 To improve the adaptability of the segmentation model to real-world conditions, the 
pretrained U-Net was further fine-tuned using the smoke-segmentation dataset constructed in 

Table 1
Training image set for smoke opacity estimation.

Opacity Level Black smoke 
(original)

White smoke 
(original)

Black smoke (after sampling 
and augmentation)

White smoke (after sampling 
and augmentation)

10 0  20     0   215
20 25  20 184   203
40 15  20 160   201
60 35  20 229   203
75 25  21 200   202
Sum 100 101 773 1024

(a) (b)

Fig. 6.	 (Color online) Representative image patches used for opacity estimation training. (a) Black-smoke samples 
at opacity levels of 20, 40, 60, and 75%, arranged from top to bottom. (b) White-smoke samples at opacity levels of 
10, 20, 40, 60, and 75%, arranged from top to bottom.
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this study. The training images consisted of 640 × 640 cropped smoke-region images, which 
were resized to 256 × 256 before being input to the network. Each image was manually annotated 
to generate a binary smoke mask, which was used as the ground-truth label for supervised 
training. 
	 This fine-tuning step was intended to improve mask quality and reduce false detections in 
complex scenes. It was particularly important because the subsequent smoke-type classification 
and opacity estimation stages relied on accurate smoke-region extraction. Qualitative examples 
before and after fine-tuning are shown in Fig. 7.

3.4.2	 Training strategy for smoke-type classification

	 For smoke-type classification, SVM was trained to distinguish black smoke from white 
smoke using a 100 × 100 patch extracted from the segmented region above the stack outlet. Two 
brightness statistics, namely, the mean brightness and the standard deviation of brightness, were 
used as input features because they effectively represent the major visual differences between 
the two smoke types. A linear SVM was adopted to construct the decision boundary in the 
resulting two-dimensional feature space.
	 For model development, the available smoke-type classification samples were randomly 
divided into training and validation sets using an 8:2 split. The training set was used to construct 
the classifier, while the validation set was used to examine the stability of the classification 
performance. Using the mean brightness 𝑥 and the standard deviation of brightness 𝑦, the linear 
SVM decision boundary is given by

	 y = −0.8099x + 116.7812.	 (1)

	 The distribution of the extracted brightness features and the corresponding linear SVM 
decision boundary are shown in Fig. 8. In this feature space, black-smoke samples are mainly 
distributed in the lower-brightness and lower-variance region, whereas white-smoke samples 
generally occupy regions with higher brightness and greater variability. This feature distribution 
supports the use of brightness statistics as an effective basis for smoke-type classification. The 

Fig. 7.	 (Color online) Smoke segmentation results before and after fine-tuning.
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trained classifier was subsequently used to determine the appropriate opacity estimation path for 
each smoke sample.

3.4.3	 Training strategy for opacity estimation

	 For opacity estimation, two CNN models were trained separately for black smoke and white 
smoke. The input patches were resized to 64 × 64 pixels and normalized before being fed into the 
network. The black-smoke model was trained using four opacity classes, namely, 20, 40, 60, and 
75%, whereas the white-smoke model was trained using five opacity classes, namely, 10, 20, 40, 
60, and 75%. The models were trained using Adam with a learning rate of 0.001 and a batch size 
of 20. The classification loss was computed using categorical cross-entropy. To determine 
suitable training durations, the number of training epochs was varied from 50 to 350 in 
increments of 50. The final reported results were obtained using 350 epochs for the white-smoke 
model and 300 epochs for the black-smoke model.

4.	 Experimental Results

	 The experimental results of the proposed smoke-opacity estimation framework using the 
newly collected dataset and two evaluation strategies are presented. The first strategy is for the 
evaluation of the classification performance of the CNN-based opacity estimation models for 
black smoke and white smoke. The second strategy further converts the discrete classification 
outputs into continuous opacity estimates using the proposed top-k weighted method, so as to 
assess the practical applicability of the model in real-world smoke monitoring scenarios.

Fig. 8.	 (Color online) Smoke-type classification result.
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4.1	 Classification-based evaluation

	 To evaluate the classification performance of the proposed method, overall classification 
accuracy was adopted as the primary performance metric. The dataset samples were randomly 
divided into training and testing sets in accordance with the experimental setting, and the 
training process was repeated ten times under the same configuration to examine performance 
stability across different runs. Training loss was also monitored to assess whether the model 
converged to a stable and sufficiently low level.
	 The testing set contained 160 black-smoke images and 200 white-smoke images. For white 
smoke, the best overall classification performance was obtained at 350 epochs. Under this 
setting, the training accuracy ranged from 93.28 to 98.12%, with an average of 96.17%, while the 
average testing accuracy reached 92.55%. For black smoke, a better trade-off was obtained at 
300 epochs. Under this setting, the training accuracy ranged from 93.36 to 97.85%, with an 
average of 95.84%, and the average testing accuracy reached 90.16%. The training accuracy, 
training loss, and testing accuracy obtained from ten repeated experiments are summarized in 
Table 2. The accuracy values are reported as mean ± standard deviation to provide a concise 
overview of model performance and stability.
	 These results indicate that the proposed CNN-based opacity estimation models achieved 
stable and relatively high classification accuracy on the newly collected dataset. In particular, the 
white-smoke model achieved a testing accuracy above 92%, whereas that of the black-smoke 
model reached 90%. Overall, the results confirm that the proposed framework is effective for 
smoke-opacity level recognition under real-world environmental conditions.

4.2	 Effect of smoke-type classification

	 To further examine the effect of the smoke-type classification stage, an additional comparison 
was conducted between the proposed dual-path model and a single-CNN model trained using 
both black-smoke and white-smoke samples. In the single-CNN setting, all smoke patches were 
combined and processed by one opacity estimation model without smoke-type separation. The 
same testing protocol was used for both settings.
	 For the single-CNN model, the mean accuracies were 94.46% for training and 91.04% for 
testing. In comparison, the proposed dual-path model achieved average accuracies of 96.00% for 
training and 91.36% for testing. Although the improvement was moderate, the dual-path design 
still achieved higher accuracy than the single-CNN setting. This result supports the design 

Table 2
Summary of ten repeated experiments.
Smoke type / phase Accuracy (%) Average Loss
White-smoke training 96.17 ± 1.49 0.0952
White-smoke testing 92.55 ± 2.70 —
Black-smoke training 95.84 ± 1.47 0.1166
Black-smoke testing 90.16 ± 1.90 —
Note: The accuracy values are reported as mean ± standard deviation over ten repeated experiments.
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choice of separating black smoke and white smoke before opacity estimation. Since the two 
smoke types exhibit different brightness distributions, boundary characteristics, and optical 
appearances, using separate opacity estimation models can better capture their respective visual 
patterns and improve the stability of the final opacity estimation.

4.3	 Top-k weighted estimation of continuous opacity values

	 Although the CNN models were trained using discrete opacity classes, practical smoke 
monitoring often requires a continuous opacity estimate rather than only a class label. Therefore, 
we further introduced a top-k-based weighted estimation method that converts the output of the 
classification model into a continuous opacity prediction.
	 Let the set of opacity levels be denoted as {L1, L2, …, Lm}, where each level Li corresponds to 
a fixed opacity percentage. For an input sampled patch, the CNN model produces a score vector 
(r1, r2, …, rm), where ri denotes the output score associated with opacity level Li. In this study, the 
rectified linear unit (ReLU), defined as ReLU(x) = max(0, x), was adopted as the output-layer 
activation function instead of softmax. This design was chosen because the exponential 
normalization of softmax tends to overemphasize the dominant class, which is less suitable for 
the subsequent weighted estimation of a continuous opacity value.
	 The top-k classes with the highest scores are first selected, and their corresponding indices 
are denoted as {c1, c2, …, ck} with scores {

1cr , 
2cr , …, 

kcr }. To produce a continuous opacity 
prediction, only the selected top-k classes are retained, and their scores are renormalized within 
the selected subset. The normalized weight for the j-th selected class is defined as
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	 The final continuous opacity estimate Ô for a given image patch is then computed as
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−
=∑ .	 (3)

	 In this way, if the model assigns similarly high confidence to two adjacent opacity levels, the 
final estimated value can fall between them, thereby better reflecting the continuous variation of 
smoke opacity.
	 In this study, different values of k were used for black smoke and white smoke. For black 
smoke, the top two classes (k = 2) were used, whereas for white smoke, the top three classes 
(k = 3) were used because the white-smoke model involved more opacity classes. For the weight 
assignment to better reflect the actual opacity distribution, the selected top-k scores were 
renormalized using Eq. (2), and the final continuous opacity value was then calculated as the 
weighted sum of the corresponding opacity levels using Eq. (3). 
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	 Table 3 presents representative examples of the proposed top-k weighted estimation results 
for black smoke and white smoke. For each test image, the table lists the true opacity level, the 
final predicted continuous value, the selected top-k opacity labels, and their corresponding 
normalized weights. The testing set contained 200 white-smoke images and 160 black-smoke 
images, corresponding to 40 images for each opacity level. The results show that, within an error 
tolerance of ±10%, the accuracies of the continuous opacity estimation reached 90.6% for black 
smoke and 96.0% for white smoke. This indicates that the proposed method can effectively 
capture the overall scale of smoke-opacity variation and that most estimated values fall within a 
practically acceptable range.
	 The results further suggest that the two smoke types exhibit different estimation 
characteristics under the current setting. White smoke showed more stable continuous-opacity 
predictions, whereas black smoke exhibited greater variability in several cases. Nevertheless, the 
proposed top-k weighted method provides a practical way to convert discrete class outputs into 
continuous opacity estimates, making the results more suitable for real-world smoke monitoring 
and interpretation.
	 For each test image, eight 64 × 64 patches were sampled from the segmented smoke region 
above the stack, as illustrated in Fig. 9. The proposed top-k weighted method was first applied to 
each patch to obtain a patch-level continuous opacity estimate. The final image-level opacity 
value was then computed as the average of the eight patch-level estimates.

Table 3
Representative results of the proposed top-k weighted estimation for 10 black-smoke and 10 white-smoke images.

Black White
True 

Opacity Predicted Labels Weights True 
Opacity Predicted Labels Weights

60 57.99 [60, 40] [0.8996,0.1004] 40 40.27 [40, 75, 60] [0.991,0.0062,0.0028]
20 20.00 [20, 40] [0.9998,0.0002] 75 68.89 [75, 60, 40] [0.6603,0.2891,0.0505]
20 20.00 [20, 40] [1,0] 20 18.14 [20, 10, 40] [0.8135,0.1865,0.]
20 20.25 [20, 40] [0.9876,0.0124] 10 10.00 [10, 20, 75] [1,0,0]
40 28.06 [20, 40] [0.5971,0.4029] 10 10.00 [10, 20, 75] [1,0,0]
75 67.15 [60, 75] [0.5234,0.4766] 20 20.49 [20, 40, 10] [0.9748,0.0248,0.0003]
40 40.06 [40, 60] [0.9972,0.0028] 10 17.96 [20, 10, 40] [0.7953,0.2046,0.0001]
20 20.12 [20, 40] [0.994,0.006] 20 18.87 [20, 10, 40] [0.8863,0.1135,0.0002]
75 75.00 [75, 60] [1,0] 75 70.65 [75, 60, 40] [0.8109,0.1136,0.0755]
40 47.79 [40, 60] [0.6103,0.3897] 20 20.16 [20, 40, 10] [0.9919,0.008,0.0001]

Fig. 9.	 (Color online) Eight small image patches are randomly sampled from the smoke region above the stack for 
opacity estimation.
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4.4	 Discussion

	 Although the experimental results demonstrate the feasibility of the proposed framework, the 
current dataset still has some limitations. The images were collected from two outdoor 
experimental sites under controlled observation settings; therefore, the diversity of backgrounds, 
stack structures, weather conditions, and illumination variations may still be limited compared 
with fully uncontrolled field environments. Although the use of physically measured opacity 
labels improves label reliability, the number of original smoke images remains relatively modest. 
Therefore, the generalization ability of the trained models to other industrial sites, camera 
devices, and environmental conditions should be further verified. In future work, the dataset 
will be expanded to include more diverse monitoring sites, broader weather and illumination 
conditions, and additional smoke-generation scenarios.

5.	 Conclusions

	 We proposed a vision-based framework for the automatic estimation of smoke opacity levels 
from visible-light images for stationary-source monitoring. To reduce the subjectivity and 
environmental sensitivity of conventional visual inspection, the proposed method integrated 
smoke-region segmentation, smoke-type classification, patch-based opacity estimation, and 
final top-k aggregation into a sequential pipeline. By separating black smoke and white smoke 
before opacity estimation, the framework was designed to better accommodate the different 
visual characteristics of the two smoke types and to improve robustness under complex outdoor 
conditions.
	 The experimental results demonstrated that the proposed framework achieved stable and 
effective performance on the collected dataset. In the classification-based evaluation, the white-
smoke model achieved an average testing accuracy of 92.55%, while the black-smoke model 
achieved 90.16%. In the top-k weighted evaluation, the continuous opacity estimation accuracies 
reached 96.0% for white smoke and 90.6% for black smoke within an error tolerance of ±10%. 
These results indicate that the proposed method can provide reliable smoke-opacity estimation 
under real-world environmental conditions. 
	 The results also showed that the prediction characteristics of black smoke and white smoke 
were not identical. Under the current experimental setting, white smoke exhibited more stable 
continuous-opacity estimation results, whereas black smoke showed greater variability in 
several cases. In addition, the proposed top-k aggregation strategy further improved the 
evaluation accuracy, demonstrating the importance of this design in the estimation process. The 
strategy of converting discrete class predictions into continuous opacity estimates makes the 
proposed framework more suitable for practical smoke monitoring and environmental 
inspection.
	 Overall, the proposed framework provides a feasible and regulation-oriented approach for 
automated smoke-opacity estimation and has potential for future application in environmental 
inspection and intelligent monitoring systems. In future work, the dataset will be further 
expanded to include more diverse monitoring sites, weather conditions, illumination settings, 
and smoke-generation scenarios.
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