
 

 
 

 

 
Remote Sens. 2022, 14, x. https://doi.org/10.3390/xxxxx www.mdpi.com/journal/remotesensing 

Article 1 

Deep Multiple Kernel Learning for Active Fire Detection from 2 

Landsat 8 Imagery 3 

Amirhossein Rostami 1, Reza Shahosseini 1, *, Shabnam Asgari 1, Arastou Zarei 1 and Saeid Homayouni1,2 4 

1 School of Surveying and Geospatial Engineering, College of Engineering, University of Tehran, Tehran 5 
1417466191, Iran; amirh.rostami7676@ut.ac.ir (A.R.); asgari.shabnam@ut.ac.ir (S.A.); arastou.zarei@ut.ac.ir 6 
(A.Z.) 7 

2 Institut national de la recherche scientifique, Centre Eau Terre Environnement, 490 rue de la Couronne, 8 
Quebec City, QC, Canada, G1K 9A9, Canada; saeid.homayouni@inrs.ca (S.H.) 9 

* Correspondence: rshahosseini@ut.ac.ir 10 

Abstract: Active fire detection (AFD) as a hazardous natural disaster in satellite imagery is critical 11 

to managing environmental protection policies, supporting decision-making, and enforcing the law. 12 

Satellite imagery is essential for detecting active fire due to its Earth’s global coverage. However, 13 

the classical approaches might not lead to reliable results for the analysis of such big data. Deep 14 

learning (DL) methods have recently yielded outstanding results in remote sensing applications. 15 

However, a few studies have used these methods due to the lack of a unified dataset to detect and 16 

map active fire at a pixel level. This study presented a DL method, namely MultiScale-Net, for seg- 17 

menting active fire in Landsat 8 images at the pixel level, which differs from simple DL architec- 18 

tures. In the proposed method, several kernels with different sizes were used simultaneously in the 19 

network architecture, which resulted in better extraction of fire zones and single fire pixels in an 20 

image. Moreover, this research also presents a new innovative Active Fire Index (AFI) index for 21 

AFD from Landsat-8 images. AFI index was added to the input data set (SWIR1, SWIR2, Blue) to 22 

improve the accuracy of AFD. Therefore, the number of False Negatives (FN) pixels to better detect 23 

the extent of the fire compared to using three bands was reduced. Different scenarios were tested, 24 

including kernels with different sizes, dilated convolutional layers (DCLs) with variable dilation 25 

rates, and input features into the MultiScale-Net. Best quantitative results in precision, sensitivity, 26 

F1-score, and IoU criteria were obtained as 95.71%, 93.93%, 91.62%, and 84.54%, respectively, over 27 

test samples with test samples of various sizes and shapes of active fire. This level of success in the 28 

experimental results shows that MultiScale-Net can be used as an effective method for active fire 29 

mapping under various circumstances thanks to its insensitivity to fire size and shape changes. 30 
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 32 

1. Introduction 33 

Fire is one of the most devastating natural disasters causing significant damage to 34 

humans and ecosystems [1]. In recent years, forest fires have had deadly irreversible ef- 35 

fects around the world, such as the recent fire in Canada (2016) [2], Australia (2019) [3], 36 

and California (2020) [4]. According to the Food and Agriculture Organization (FAO) re- 37 

port, in 2015, about 98 million hectares of forest were affected by the fire. These forests 38 

were mainly in the tropical regions, where the fire engulfed at least 4% of the total forest 39 

area [5]. In 2018, a massive fire in California covered approximately 18,000 km2, killed 100 40 

people, and caused financial damage of nearly $ 2 billion financial damage [6]. The acci- 41 

dent happened again in 2020 in the same state, which damaged approximately 17,000 km2 42 

of American territory [7]. Such devastating and deadly fires frequently occur around the 43 

world. One of the key ways to control and monitor a fire is to pinpoint the exact location 44 

of the fire, which can play a significant role in extinguishing a fire. Using images/videos 45 
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from ground/aerial/satellite sensors and implementing computer vision techniques such 46 

as image/video processing can be one of the best ways to map the firing area [8,9]. 47 

 Ground sensors use optical bands and are the standard tool for early fire detection 48 

[10]. However, due to the lack of global coverage of these sensors, one of the best options 49 

is to use satellite data to cover almost the entire Earth to monitor active fires. Various 50 

satellite sensors have been used for AFD [11]. In the past decade, the Earth observations 51 

from three multispectral imaging sensors, namely advanced very-high-resolution radiom- 52 

eter (AVHRR), moderate resolution imaging spectroradiometer (MODIS), and visible, in- 53 

frared imaging radiometer suite (VIIRS), have been frequently used for AFD [12]. AVHRR 54 

instruments are carried by the National Oceanic and Atmospheric Administration 55 

(NOAA) family of polar-orbiting operational environmental satellite (POES) and Euro- 56 

pean Meteorological Operational (MetOp) satellites. The instrument provides six chan- 57 

nels, three in the visible/near-infrared region and three thermal infrared channels, with 1 58 

km spatial resolution [13]. VIIRS sensor on the Suomi National Polar-orbiting Partnership 59 

(S-NPP) satellite incorporates fire-sensitive channels, including a dual-gain high-satura- 60 

tion temperature channel at 4 µm, enabling AFD and characterization [14]. MODIS is 61 

widely used and plays an essential role in thermal sensing of land surface [15] and AFD 62 

[16] thanks to its daily temporal resolution. Terra and Aqua satellites carry MODIS sensors 63 

as part of the National Aeronautics Space Administration (NASA) EO systems. It has a 64 

revisit time of 1–2 days and captures data in 36 spectral bands ranging in wavelengths 65 

from 0.4 to 14.4 µm and at varying spatial resolutions (2 bands at 250 m, five bands at 500 66 

m, and 29 bands at 1 km) [17]. Giglio et al. [18] validated the Collection 5 and Collection 6 67 

Terra MODIS fire products and deliberated the modifications made to the algorithm used 68 

to produce this product compared to its previous version. Parto et al. [19] used a change 69 

detection approach to investigate the significant changes in forest features, such as MODIS 70 

NDVI and thermal bands for real-time fire detection. He et al. [20] proposed a method to 71 

eliminate the solar radiation and thermal path radiance received by the MODIS observa- 72 

tions in the Middle Infra-Red (MIR) band and reduce the resulting fire detection errors. A 73 

similar method has been implemented on the AVHRR data [21]. Schroeder et al. [22] de- 74 

signed, implemented, and validated an algorithm for middle and thermal infrared bands 75 

of VIIRS image data with 375 m of resolution. They showed that VIIRS 375 m data could 76 

provide more coherent fire mapping than MODIS 1 km fire data.  77 

Another widely used observation data source for fire monitoring and detection is geosta- 78 

tionary satellite data [23]. Geostationary satellites have a high temporal resolution but low 79 

spatial resolution. Himawari 8 is a new generation of Japanese geostationary weather sat- 80 

ellites operated by the Japan Meteorological Agency. AHI-8 has significantly higher radi- 81 

ometric, spectral, and spatial resolution than its predecessor [24]. Jang et al. [25] proposed 82 

a combined three-step forest fire detection algorithm (based on thresholding, machine 83 

learning-based modeling, and post-processing) using Himawari-8 geostationary satellite 84 

data over South Korea. Xie et al. [26] also presented a spatiotemporal contextual model 85 

(STCM) that fully exploits geostationary data’s spatial and temporal dimensions based on 86 

the data from Himawari-8 Satellite. 87 

  One of the essential purposes of fire control is to detect the location and extent of 88 

the fire accurately. Despite the widespread use of the satellites mentioned above in fire 89 

detection, they have a coarse spatial resolution that causes uncertainty in active fire local- 90 

ization. Thus, spaceborne sensors with a higher spatial resolution, such as Landsat 8, must 91 

be used to achieve this goal. The Landsat 8 payload includes the Operational Land Imager 92 

(OLI) that has a new 1375 μm band designed to monitor cirrus clouds and the Thermal 93 

Infrared Sensor (TIRS) that together provide improved cloud detection capabilities [27,28]. 94 

Recently, many algorithms have been developed to detect, segment, and monitor active 95 

fires using Landsat 8 images [29]. AFD algorithms for the ASTER sensor were the basis 96 

for developing the first fire detection methods in Landsat images [30]. In Landsat data, 97 

the probability of saturation of the pixels around the fire pixels is high, especially if the 98 

highly reflective surfaces are like buildings, although this problem was partially offset in 99 
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Landsat 8 [22]. In the last five years, three algorithms have been developed by Schroeder 100 

et al. [31], Murphy et al. [32], and Kumar et al. [30]. Detecting active fire in Landsat 8 101 

images has yielded acceptable results. The first two use thresholds on the reflection of the 102 

SWIR1, SWIR2, and NIR bands, and their algorithm is separate for the time of day and 103 

night and adopts a time analysis approach. Their thresholds are considered adaptable to 104 

the conditions. In contrast, the third algorithm inserts the Red band at the same threshold. 105 

It should also be noted that these thresholds are fixed, and with a series of statistical tests 106 

on a large number of pixels obtains fire and uses it to detect pixels that have a very high 107 

potential for fire. 108 

 Machine learning methods, in particular DL, have been successfully applied in solv- 109 

ing challenging tasks such as regression and classification problems [33,34], object detec- 110 

tion [35], and semantic segmentation [36]. Among the DL method, convolutional neural 111 

networks (CNN) are the most widely used tools in computer vision, image processing, 112 

and pattern recognition [37]. All previous research in active fire detection has been based 113 

on statistical methods and thresholds on fire-sensitive bands from various sensor data. 114 

These methods’ main problem is determining a threshold that can detect fire effectively 115 

in different and complex conditions. One of the main reasons for not using DL networks 116 

for AFD in previous studies was the lack of a unified dataset for this purpose. In this pa- 117 

per, thanks to the release of large-scale datasets for AFD by De Almeida et al. [38], we 118 

developed a deep ender-decoder network ‘’MultiScale-Net’’ for pixel-level localization of 119 

active fire in Landsat 8 images to address this problem. This study developed a high-per- 120 

formance CNN architecture for active fire segmentation to detect individual fire pixels 121 

detached from a larger fire zone. In the MultiScale-Net, we used convolutional kernels 122 

with various sizes and DCLs of varying rates to solve the challenge of changing the size 123 

and shape of the fire; however, the basic U-Net, one of the most widely used and simple 124 

CNNs in the segmentation task, was employed in their study, with just a series of minor 125 

changes. 126 

 This research pursues the following initiatives and goals in two areas of features and 127 

network architecture for active fire segmentation: 128 

•  Provide a new index for AFD to improve network performance in extracting high- 129 

level features.  130 

•  For the network architecture, using convolution layers with multiple kernels and dif- 131 

ferent dilation rates is one of the solutions to improve network capability by produc- 132 

ing more high-level features but maintaining network accuracy. An efficient deep 133 

multiple kernel learning for multiscale AFD from Landsat 8 images is proposed 134 

called the MultiScale-Net. 135 

2. Dataset 136 

2.1. Landsat 8 Active Fire Dataset 137 

A new large-scale dataset for active fire segmentation was recently published by De 138 

Almeida et al. [38]. This dataset contains image patches of 256×256 pixels, showing the 139 

wildfires in several locations around the world, extracted from Landsat 8 images from 140 

August to September 2020. The patches are 10-band, 16-bit TIFF images, with channels 141 

b1… b7 and b9, b10, b11. The panchromatic channel b8, with 15 meters of spatial resolu- 142 

tion, was excluded from the dataset. The three sets of conditions explained in detail in the 143 

references [30–32] produced their corresponding ground truth, and we selected the inter- 144 

section between these sets of conditions as ground truth. As mentioned in [31], bands 7, 145 

6, and 2 (SWIR2, SWIR1, Blue) have been used in this study. 146 

There was a significant class imbalance between fire and non-fire pixels in the da- 147 

taset, so that approximately 99% of the pixels are non-fire. Most image patches had one or 148 

two fire pixels. We chose patches with the highest fire pixels compared to the most imbal- 149 

anced ones in the dataset. Finally, 144 image patches from the available data were selected 150 
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and split to 70% for training and validation (100 image patches) and 30% for testing (44 151 

image patches). Test samples were selected for significant challenges of AFD, such as 152 

changing the size and shape of the fire in the image scene, the presence of clouds, and 153 

single pixels of fire separated from the fire area. Image patches were selected from all five 154 

continents (Asia, Europe, Africa, Oceania, and the Americas) to train MultiScale-Net with 155 

different geographical, climatic, atmospheric, and other conditions. Also, the test samples 156 

were selected to include different shapes and sizes of active fire from large zones to strips 157 

and single pixels. 158 

 159 

 160 

Figure 1. a-c) RGB, b-d) False color (SWIR2, SWIR1, and Blue) of Landsat 8 images from the refer- 161 
ence dataset. 162 

2.2. Data Augmentation 163 

Data augmentation is essential for training a model to improve generalization and 164 

reduce overfitting, especially when labeled or training data is limited [39]. It is also an 165 

excellent way to make the model robust to specific types of noise. There are many ways 166 

to boost data, one of the oldest of which is the flipping method. Using this method, the 167 

network will become resistant to the changes in direction, azimuth, and rotation. Hori- 168 

zontal flipping is much more common than the vertical one. This augmentation is the eas- 169 

iest method to implement and has proven helpful for datasets like CIFAR-10 and 170 

ImageNet [40]. In this study, we used horizontal, vertical, and both horizontal and vertical 171 

flipping. As a result, the training data quadrupled to 400 image patches. 172 

3. Proposed Methodology 173 

In this study, the proposed architecture is an efficient network for spectral-spatial 174 

relationships extraction of remote sensing images with high-level features. Also, in the 175 

network input features part, an innovative index has been used to extract better the fea- 176 

tures related to active fire in the network. Simple data augmentation techniques have also 177 

been used to compensate for the lack of training samples. Several configurations were 178 

considered based on the network structure, as shown in Table1. According to this table, 179 

all possible configurations were considered for AFD. For example, B3K35D1 represents a 180 

case where we used three bands, two kernels with sizes 3 and 5, and a dilation rate of 1. 181 

In total, we defined 27 different configurations. Figure 2 shows the scenarios experi- 182 

mented on within this study. 183 
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 184 

Figure 2. Different scenarios were used in this study based on the number of input features, different 185 
sized kernels, and the DCLs with different rates in MultiScale-Net for AFD. 186 
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Table 1. Different architecture parameters to configure MultiScale-Net. 187 

Configuration parameters Input values Abbreviation 

 SWIR2 + SWIR1 + Blue + AFI B4 

Input feature(s) SWIR2 + SWIR1 + Blue B3 

 AFI B1 

 (3, 3)  K3 

Kernel size (3, 3) + (5, 5) K35 

 (3, 3) + (5, 5) + (7, 7) K357 

 (1, 1) + (1, 1) D1 

Dilation rate (1, 1) + (2, 2) D2 

 (1, 1) + (3, 3) D3 

3.1. Active Fire Index 188 

Fire detection methods are mainly based on the processing and analysis of thermal 189 

and reflective bands. Previous research [31] shows that Band 7 of the Landsat 8 sensor 190 

(i.e., SWIR2) is sensitive to fire radiation. Also, the indices provided to date for fire detec- 191 

tion in satellite images often require multi-stage processes or the help of vegetation or 192 

drought indices [41]. This study proposed an index for detecting active fire and named it 193 

the Active Fire Index (AFI), obtained based on Equation (1). 194 

AFI = 
𝜌7

𝜌2
 (1) 

That 𝜌7 and 𝜌2 represent a value of SWIR2 and the Blue band of Landsat 8 images, 195 

respectively.  Although the proposed index has a straightforward computational ap- 196 

proach (i.e., dividing two bands), it has an excellent ability to separate active fire from the 197 

background (see Figure 3). Although active fire has a high reflectivity in the SWIR2 band 198 

of the Landsat 8 image, distracting influences such as bright objects and smoke hamper 199 

accurate fire identification and segmentation. The AFI removed fire-like objects in bright- 200 

ness and spectral reflection by dividing the SWIR2 by blue, strongly discriminating be- 201 

tween fire and non-target pixels. The AFI’s performance, particularly in eliminating 202 

smoke nuisance, frequently linked with active fire, led to its adoption as an input feature 203 

to the MultiScale-Net. The presence of clouds in the image adds to the difficulty of recog- 204 

nizing active fire in remote sensing images [42]. Excessive cloud covering in the image 205 

might lead to a misidentification of the current fire. One typical method for lessening the 206 

impact of the cloud has been to mask it. Cloud masking accuracy is also very effective in 207 

the end outcome of fire detection [43]. Because of the significant reflectance of the cloud 208 

in both bands employed in the AFI [44], dividing these two bands resulted in the cloud 209 

being nearly eliminated. Simultaneously, the AFI distinguishes between these pixels and 210 

the background quite well because of the high reflection of the target (fire) pixels in the 211 

SWIR2 spectral region and the low reflection in the blue band range (Figure 3). This dis- 212 

crimination is made even when the number of target pixels is small; however, it does not 213 

always perform adequately. Light objects having a high SWIR2 band value and a low re- 214 

flectance in the blue band, for example, raise the AFI value while not firing (Figure 4, 215 

second row). 216 

3.2. Network Architecture 217 

The proposed method architecture is a fully convolutional framework in which the 218 

output is a pixel-by-pixel map with the same width and length as the input image. The 219 

proposed network differs from previous fire detection architectures [38], which used a 220 

simple U-NET for fire detection and mapping. We use an asymmetrical encoder-decoder 221 

architecture that, in the decoder branch, in addition to the transpose convolution layers, 222 
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also uses straight convolution layers to extract high-level features that can capture all the 223 

features of small and large fires and their neighbor’s pixels. 224 

 225 

Figure 3. AFI index maps from several Landsat 8 images. 226 

 227 



Remote Sens. 2022, 14, x FOR PEER REVIEW 8 of 29 
 

 

Figure 3. The performance of the AFI for AFD in cloudy scenes. The red circles indicate the approx- 228 
imate firing range. 229 

Also, in the desired architecture, the combination of convolution features with different 230 

sizes of filters has been designed and used to take full advantage of the convolution fea- 231 

ture of different scales and further improve the accuracy of fire localization [45]. The idea 232 

is to use features extracted at various scales from filters with different sizes to provide 233 

local and general properties. The feature map of the initial encoder layers retains more 234 

spatial details, leading to more corrected boundaries but low-level features. Higher-level 235 

spatial features are extracted from the input image in several scales by convolutional lay- 236 

ers, where it uses pooling layers to sample feature maps. The decoder branch samples and 237 

reconstructs feature maps by inverse convolution layers, which also use convolution lay- 238 

ers to extract high-level semantic features. Concatenation links connect the feature maps 239 

in equal sizes in the encoder and corresponding decoder layers. Based on that, more con- 240 

cise and highly differentiated features are produced. Such connections can help preserve 241 

more spatial detail in decoded feature maps from the decoder branch and enable the train- 242 

ing of profound networks. In addition to kernels with different sizes, DCLs have been 243 

employed to extract multiscale fires in conditions with variable sizes in the image scene. 244 

Dilated convolutions add a new parameter to convolutional layers known as the dilation 245 

rate. This parameter provides the distance between values in a kernel. With only nine 246 

parameters, a 3×3 kernel with a dilation rate of 2 will have the same field of vision as a 5×5 247 

kernel; consider removing every second column and row from a 5×5 kernel. These provide 248 

a wider field of vision at a fixed computational effort. In this study, dilation rates of 1, 2, 249 

and 3 in the second layer of convolution were tested in each block (the dilation rate in the 250 

first layer of each block was considered constant 1). Our proposed method has the follow- 251 

ing characteristics: 252 

1.  The proposed DL architecture has a network depth of 5 (network length). 253 

2.  Take advantage of a new approach that includes convolutional filters with different 254 

sizes for the training process. 255 

3.  DCLs with different dilation rates. 256 

4.  Batch normalization and dropout have been used, which play an essential role in 257 

preventing over-fitting [46]. 258 

5.  Using a binary cross-entropy loss function improves the network’s performance. 259 

Also, the “glorot_uniform” method initializes the network [47]. 260 

Figure 5 shows one of the configurations used in MultisScale-Net, the most complex ar- 261 

chitecture used in this study. Different configurations based on using DCLs with different 262 

dilation rates in the second layer, simultaneous employment of filters with different sizes, 263 

and different scenarios of network input features were examined (see Figure 2).  264 

The proposed network consists of an encoder part and a decoder part. The encoder part 265 

carries out five convolutional blocks. It consists of repeated applications of two 3 × 3, 5 × 266 

5, 7 × 7 convolutional layers with two paddings. Each convolution follows a batch normal- 267 

ization (BN) layer and Rectified Linear Units (ReLU) activation function that in this study, 268 

due to the fast computational process and normalization of the output of each layer in the 269 

range [0, +∞), it has been used which the effects of noise on the gradient of this function 270 

are minimal and a. Moreover, each convolutional block is followed by 2 × 2 max-pooling 271 

for down-sampling with the stride of 2. The number of feature channels is doubled after 272 

each block. The decoder part corresponds to the encoder part and consists of four trans- 273 

posed convolution layers. Every block in the decoder part consists of a 3 × 3 deconvolution 274 

with the stride of 2, a concatenation with the corresponding feature maps from the en- 275 

coder part, and two 3 × 3, 5 × 5, 7 × 7 convolutions followed by ReLU activation and BN 276 

layer. The number of feature channels is halved after each up-sampling process. A 1 × 1 277 

convolution with a Softmax activation function is employed as a classifier at the final 278 

layer, followed by a Binary Cross-Entropy (BCE) loss function. The BCE loss function com- 279 
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pares each predicted probability with the actual class’s output, 0 or 1 (in binary classifica- 280 

tion). The calculated score then determines the probabilities based on the distance from 281 

the expected value. This score shows how the predicted values are close to or far from the 282 

actual value, which, to minimize it in the training process, tries to update the network 283 

parameters with high accuracy [48]. For binary segmentation, the BCE is used, which is 284 

defined as follows: 285 

 286 

Figure 5. The proposed network for active fire segmentation. “Conv2d (k × k)” shows the convolu- 287 
tional kernel with the size of k × k; “Batch Norm.” denotes batch normalization; “ReLU” denotes 288 
the rectified linear units. 289 
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𝐵𝐶𝐸(𝑦, 𝑦̂) =  −
1

𝑛
 ∑(𝑦𝑖 log(𝑦̂) + (1 − 𝑦𝑖) log(1 − 𝑦̂))

𝑛

𝑖=1

 (2) 

that 𝒚̂ is the probability of fire class, and 𝟏 − 𝒚̂ is the probability of non-fire class. 290 

The n denotes the number of pixels, and 𝒚𝒊 is the pixel label.  291 

All scenarios were designed and trained using the Keras library on the Google Colab 292 

platform, utilizing the TensorFlow processing unit and a Tesla T4 GPU with a batch size 293 

of 15 for 200 epochs. Weights and biases values must be initialized before network train- 294 

ing. Neural networks are significantly sensitive to initial values of weights, and therefore 295 

initial weighting is essential. The initial weighting of weights is done in CNN to counteract 296 

gradient vanishing and gradient exploding. The problem of gradient fading often occurs 297 

in networks where the values of the weights are small, and the problem of gradient explo- 298 

sion occurs when large amounts of weights are selected. The glorot initialization algorithm 299 

is one of the known methods in CNN. There are two versions of the glorot initialization: 300 

“uniform_glorot” (used in this study) and “normal_glorot”. Both versions are pretty sim- 301 

ilar, except that random values are derived from the normal distribution in the second 302 

method instead of a uniform distribution. The glorot initialization technique works better 303 

than uniform random initialization and eliminates the need to guess the appropriate con- 304 

stant limit values [49]. Also, the adaptive moment estimation (Adam) method was used 305 

to optimize the trainable network parameters. The learning rate, beta-1, beta-2, and epsi- 306 

lon were chosen as 10−4, 0.9, 0.999, and 10−8 respectively in this method. 307 

Tables 2 show the output size, kernel sizes, activation functions, and different types 308 

of concatenations in the encoder and decoder part of MultiScale-Net, respectively. The 309 

MultiScale-Net employs three types of connections and concatenations: 310 

• Intra-block Concatenation: combine feature maps from the first and second convolu- 311 

tion layers using the same filter size in each block.  312 

• Inter-block concatenation merges feature maps using convolutional layers with var- 313 

ying filter sizes from distinct blocks.  314 

• Inter-branch concatenations: merge feature maps from the encoder and the decoder 315 

branches’ transposed convolution blocks. In the Multiscale-Net, this sequence com- 316 

bines features with highly abstraction ability. 317 

Table 2. MultiScale-Net configuration. 318 

Encoder Decoder 

Layer Output Layer Output 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

256 * 256 * 16 

256 * 256 * 16 

256 * 256 * 32 

Transposed Conv. 3 × 3 

Inter-branch Concatenation 

32 * 32 * 128 

32 * 32 * 896 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

256 * 256 * 16 

256 * 256 * 16 

256 * 256 * 32 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

32 * 32 * 128 

32 * 32 * 128 

32 * 32 * 256 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

256 * 256 * 16 

256 * 256 * 16 

256 * 256 * 32 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

32 * 32 * 128 

32 * 32 * 128 

32 * 32 * 256 

Inter-block Concatenation 

Max-pooling. 2 × 2 

256 * 256 * 96 

128 * 128 * 96 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

32 * 32 * 128 

32 * 32 * 128 

32 * 32 * 256 
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Intra-block Concatenation + 

ReLU 

Inter-block Concatenation 32 * 32 * 768 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

128 * 128 * 32 

128 * 128 * 32 

128 * 128 * 64 

Transposed Conv. 3 × 3 

Inter-branch Concatenation 

64 * 64 * 64 

64 * 64 * 448 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

128 * 128 * 32 

128 * 128 * 32 

128 * 128 * 64 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

64 * 64 * 64 

64 * 64 * 64 

64 * 64 * 128 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

128 * 128 * 32 

128 * 128 * 32 

128 * 128 * 64 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

64 * 64 * 64 

64 * 64 * 64 

64 * 64 * 128 

Inter-block Concatenation 

Max-pooling. 2 × 2 

128 * 128 * 192 

64 * 64 * 192 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

64 * 64 * 64 

64 * 64 * 64 

64 * 64 * 128 

Inter-block Concatenation 64 * 64 * 384 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

64 * 64 * 64 

64 * 64 * 64 

64 * 64 * 128 

Transposed Conv. 3 × 3 

Inter-branch Concatenation 

128 * 128 * 32 

128 * 128 * 224 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

64 * 64 * 64 

64 * 64 * 64 

64 * 64 * 128 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

128 * 128 * 32 

128 * 128 * 32 

128 * 128 * 64 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

64 * 64 * 64 

64 * 64 * 64 

64 * 64 * 128 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

128 * 128 * 32 

128 * 128 * 32 

128 * 128 * 64 

Inter-block Concatenation 

Max-pooling. 2 × 2 

64 * 64 * 384 

32 * 32 * 384 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

128 * 128 * 32 

128 * 128 * 32 

128 * 128 * 64 

Inter-block Concatenation 128 * 128 * 192 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

32 * 32 * 128 

32 * 32 * 128 

32 * 32 * 256 

Transposed Conv. 3 × 3 

Inter-branch Concatenation 

256 * 256 * 16 

256 * 256 * 112 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

32 * 32 * 128 

32 * 32 * 128 

32 * 32 * 256 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

256 * 256 *16 

256 * 256 *16 

256 * 256 * 32 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

32 * 32 * 128 

32 * 32 * 128 

32 * 32 * 256 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

256 * 256 * 16 

256 * 256 * 16 

256 * 256 * 32 

Inter-block Concatenation 32 * 32 * 768 Conv. 7 × 7 + BN + ReLU 256 * 256 * 16 
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Max-pooling. 2 × 2 16 * 16 * 768 Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

256 * 256 * 16 

256 * 256 * 32 

Inter-block Concatenation 

Dropout 

256 * 256 * 96 

256 * 256 *96 

Conv. 3 × 3 + BN + ReLU 

Conv. 3 × 3 + BN 

Intra-block Concatenation + 

ReLU 

16 * 16 * 256 

16 * 16 * 256 

16 * 16 * 512 

Conv. 1 × 1 + Softmax 256 * 256 * 2 

Conv. 5 × 5 + BN + ReLU 

Conv. 5 × 5 + BN 

Intra-block Concatenation + 

ReLU 

16 * 16 * 256 

16 * 16 * 256 

16 * 16 * 512 

Conv. 7 × 7 + BN + ReLU 

Conv. 7 × 7 + BN 

Intra-block Concatenation + 

ReLU 

16 * 16 * 256 

16 * 16 * 256 

16 * 16 * 512 

Inter-block Concatenation 16 * 16 * 1536 

Total number of trainable parameters           ~ 45 M 

 319 

3.1. Accuracy Metrics 320 

In the field of AFD, due to the destructive nature of fire, determining the exact extent 321 

of the fire and determining the fire pixels in the images of the Landsat 8 satellite is a critical 322 

issue. Therefore, the criteria used to assess accuracy are very important. In this research, 323 

four accuracy criteria, Precision, Sensitivity, F1-score, and Intersection over Union (IoU), 324 

have been considered. The precision also called the correctness in remote sensing litera- 325 

ture, is the ratio of predicted fire pixels that are actual fire. The sensitivity, also called 326 

completeness, is the ratio of actual fire pixels correctly detected. It is often the case that 327 

changing some parameters in the forecasting phase affects accuracy and sensitivity. De- 328 

pending on the research issue, it should be decided which criteria are essential, and the 329 

parameters should be set accordingly. If we optimize our classifier to increase one of the 330 

parameters of accuracy or sensitivity and ignore the other, the harmonic mean of those 331 

two parameters decreases rapidly. The F1 score parameter is defined as the harmonic 332 

mean of the two parameters’ precision and sensitivity, the optimality of which indicates 333 

the balance for the two parameters’ precision and sensitivity [50]. However, due to the 334 

possibility of imbalance between fire and non-fire classes, additional criteria need to be 335 

calculated to understand the model’s actual performance, as precision in unbalanced data 336 

sets can be misleading. For this reason, we will also calculate and use the IoU, also known 337 

as Jaccard Index (JI). The IoU metric is a standard criterion for semantic segmentation. 338 

Takes the pixels that overlap between the prediction and ground truth data and divides 339 

it by all the pixels into the prediction or ground truth data [51]. The criteria described 340 

above can be obtained from the following equations: 341 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(3) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(4) 
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𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 ×
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)
 

(5) 

 

𝐼𝑜𝑈 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (6) 

where TP represents the number of fire pixels in the fire class, FP represents the num- 342 

ber of fire pixels in the non-fire class, and FN indicates the number of non-fire pixels in 343 

the fire class. 344 

4. Results and Discussions 345 

In this study, because many different configurations were used to detect active fire, 346 

the network accuracy criteria in different cases are first examined. Then the visual outputs 347 

of the best models are displayed. 348 

4.1. Accuracy Assessment of AFD 349 

The accuracy criteria used in this study can well show the strengths and weaknesses 350 

of different deep neural network configurations. For this purpose, based on the bands 351 

used from Landsat 8 images mentioned in Table 1, first, we evaluate the accuracy criteria 352 

in the case where three bands (B3) were used. Except when the dilation rate is 1, Table 3 353 

demonstrates the best precision when three kernels of varying sizes (K357) are used. In 354 

addition, raising the dilation rate in the D3 scenario improves precision. However, in the 355 

other two scenarios (i.e., K3 and K35), the precision does not rise and fluctuates, so that in 356 

K3, raising the dilation rate from D2 to D3, first decreases and then raises it but in K35, 357 

the reverse has occurred. In general, the best precision is associated with the K3D1 model, 358 

which, of course, differs very little from the K357D3 approach. Except for the D2 scenario, 359 

using two kernels (K35) produces the highest sensitivity. In general, increasing the dila- 360 

tion rate does not have a constant effect on changing the sensitivity. By raising the dilation 361 

rate from 2 to 3, the K3 scenario initially boosts and then reduces the sensitivity criteria. 362 

In the case of the K35, however, the reverse is true. Increasing the dilation rate in the K357 363 

model, on the other hand, wholly reduced the sensitivity. K35D3 model has the maximum 364 

sensitivity. Except for scenario D2, the maximum value of the F1-score for K35 reached 365 

the sensitivity criteria. The pattern of changes in the F1-score relative to dilation rate was 366 

similar to the sensitivity criteria, with minor changes. In the K35D1 model, the greatest 367 

F1-score is likewise reached. Again, the highest values achieved for the IoU criteria were 368 

the same as for the previous two criteria (sensitivity, F1-score), except for the K35D2 369 

model.  370 

As another scenario, the AFI was added to the other three bands as MultiScale-Net 371 

input. According to Table 3, except for the dilation rate of 3, the highest precision is ob- 372 

tained in the case of K3. The precision rose initially and then reduced in all three cases, 373 

K3, K35, and K357, as the dilation rate increased while the changes were minor. In general, 374 

K3D2 provided the best precision. In terms of the sensitivity criterion, using three kernels 375 

simultaneously have the maximum sensitivity in two cases (D2 and D3). In the case of D1, 376 

the best outcome is obtained by utilizing K35, which differs slightly from the implemen- 377 

tation of K357. Increasing the dilation rate reduces the sensitivity in the case of K3. In 378 

general, K35D1 demonstrated the highest level of sensitivity. The employment of more 379 

kernels of varying sizes and greater dilation rates (i.e., K357 and D3 scenario, respectively) 380 

has boosted the F1-score value. In K357D2, the F1-score criteria yield the best results. 381 

Furthermore, employing three kernels of varying sizes in each convolution layer im- 382 

proves the IoU criteria, and the most significant IoU values in further dilations are associ- 383 

ated with the K357 scenario. On the other hand, increasing the dilation rate has the oppo- 384 

site effect and reduces the IoU in K3 and K35 scenarios. In K357, it initially boosts and 385 
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then decreases the IoU value. The most remarkable results are associated with the K357D2 386 

model.  387 

As another MultiScale-Net training approach, single-feature AFI was used as input, 388 

and output accuracy was evaluated. Table 3 indicates that the K35 scenario has the highest 389 

precision at dilation rates. Furthermore, increasing the dilation in all three scenarios, K3, 390 

K35, and K357, increases precision followed by a drop. K35D1 was the best model. Except 391 

for a dilation rate equal to 2, the maximum sensitivity value is associated with the K3 392 

scenario, while the best sensitivity in the D2 scenario is associated with K357.  393 

Increasing the dilation rate has the same effect as increasing the precision measure 394 

(first increase, then decrease). The sensitivity criteria for the K357D2 mode were the high- 395 

est. The maximum F1-score value, except when dilation rate 3 is utilized, is associated 396 

with the K357 scenario, and the best F1-score in the D3 is about K3. In K35 and K357, an 397 

increase in the dilation rate still resulted in rapid growth and a second reduction in the 398 

F1-score criterion, while in K3, this increase resulted in a modest decline followed by a 399 

rise in the F1-score. The K357D2 model received the highest F1 score. The highest IoU, as 400 

in the F1-score, occurred in the K357 scenario. Regarding the influence of the dilation rate, 401 

it can be seen that increasing the dilation rate causes a rise and subsequently a drop in the 402 

value of IoU in both K35 and K357 scenarios. In contrast, the K3 scenario went through 403 

the opposite trend. The K357D2 model won the competition for the most outstanding ac- 404 

curacy level again, this time in IoU. 405 

After evaluating active fire detection accuracy criteria, some architectures were se- 406 

lected based on the maximum value of metrics used in each considered scenario. Numer- 407 

ical results show that the proposed method extracts and integrates related high-level fea- 408 

tures from the input images and thus produces fire masks that are very similar to ground 409 

truth. 410 

Table 3. Quantitative results of AFD in all scenarios by MultiScale-Net over test samples (P: Preci- 411 
sion, S: Sensitivity, F: F1-score, and I: IoU). 412 

 Configuration scenarios   Accuracy metrics (%) 

Input Kernel size Dilation rate  P S F I 

  D1  95.71 86.16 90.68 82.96 

 K3 D2  89.48 92.18 90.81 83.17 

  D3  93.42 86.97 90.08 81.95 

  D1  91.06 91.83 91.45 84.24 

B3 K35 D2  93.65 86.89 90.14 82.06 

  D3  88.02 93.93 90.87 83.28 

  D1  92.26 89.78 91 83.49 

 K357 D2  94.01 87.08 90.41 82.51 

  D3  95.29 84.05 89.32 80.7 

   Average 92.54 88.76 90.53 82.71 

   Best Model K3D1 K35D3 K35D1 K35D1 

  D1  93.25 85.35 89.12 80.38 

 K3 D2  87.8 90.04 88.91 80.04 

  D3  90.58 88.53 89.54 81.07 

  D1  94.5 83.42 88.61 79.56 

B1 K35 D2  91.77 89.25 90.49 82.64 

  D3  93.63 84.54 88.85 79.95 

  D1  93.59 85.22 89.21 80.52 

 K357 D2  89.76 92.49 91.11 83.67 

  D3  92.63 80.21 85.97 75.4 

   Average 91.94 86.56 89.09 80.35 

   Best Model K35D1 K357D2 K357D2 K357D2 
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  D1  91 89.56 90.27 82.27 

 K3 D2  92.51 87.96 90.18 82.12 

  D3  92.05 84.15 87.92 78.54 

  D1  89.95 92.52 91.22 83.86 

B4 K35 D2  92.49 88.92 90.67 82.93 

  D3  92.18 89.05 90.59 82.79 

  D1  90.51 92.39 91.44 84.23 

 K357 D2  91.72 91.52 91.62 84.54 

  D3  91.63 90.91 91.27 83.94 

   Average 91.56 89.66 90.58 82.79 

   Best Model K3D2 K35D1 K357D2 K357D2 

4.1. Qualitative Evaluation of MultiScale-Net 413 

According to Equation (6), the IoU is equal to 1 if both FP and FN are equal to zero. 414 

In other words, the DL network should not have any misdiagnosis. For this reason, the 415 

IoU criterion is a strict metric, and for visual outputs, the models with the highest IoU 416 

value were selected (i.e., B1K357D2, B3K35D1, and B4K357D2). The binary output maps 417 

of the selected architectures are shown in Figure 6. All three models have detected and 418 

segmented active fire locations with relatively good accuracy. There is no significant dif- 419 

ference between their outputs. The slight differences are frequently seen in locations 420 

where the extent of the fire ranges from a wide area to a single pixel. In such circum- 421 

stances, the B4K357D2 outperformed other models, and the amount of FNs in this model’s 422 

outputs is reduced, particularly in the extraction of single-pixel fires disconnected from 423 

the fire zone (e.g., samples (a), (i), and (j) in Figure 6). Furthermore, all three models cho- 424 

sen from the MultiScale-Net perform better in the situation of fire beams than single pixels 425 

isolated from the fire zones (e.g., samples (d), (e), and (h) in Figure 6). However, the Mul- 426 

tiScale-Net is robust enough to alter the size and shape of the fire in the image scene. 427 
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429 
Figure 6. The results of AFD using the three best models of MultiScale-Net. White and black pixels 430 
indicate the TP and TN, respectively. Red pixels indicate the FN, and green pixels demonstrate FP. 431 

The sample (j) (Figure 6) has more visual distinction between fire and backdrop than 432 

the others, with more minor fire-like characteristics. The number of FP pixels in the output 433 

map of B1K357D2, B3K35D1, and B4K357D2 for this sample is 3, 2, and 0, respectively. In 434 

contrast, all three models’ output maps contain many FN pixels. As a result, it can be 435 

argued that, while decreasing the complexity of image conditions for detecting active fire 436 

has resulted in fewer false alarms (i.e., FP pixels), it has also resulted in the MultiScale- 437 

Net being negligent. Many fire pixels, particularly those on the boundary between fire 438 

and background, are misclassified as non-fire (i.e., FN pixels) by the MultiScale-Net.  439 

 Most segmentation mistakes have happened in the fire zones’ peripheral pixels. 440 

However, in rare situations, pixels surrounding a large fire region are classified as fire 441 

pixels by the MultiScale-Net (i.e., FP pixels) (sample (b) in Figure 6). This misclassification 442 
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is most likely owing to the extremely high temperature of the surrounding pixels (TP pix- 443 

els) and its influence on the spectral reflectance of the inside pixels (i.e., FP pixels). In 444 

certain instances, the fire zone’s center may be incorrectly classified as non-fire (see Figure 445 

7). In some test samples, the pixel saturation issue was seen visually, so it also involved 446 

producing ground truth in this dataset (i.e., the conditions developed in [30–32]). In Figure 447 

7, the digital numbers of pixels in the SWIR2 band, seen in green, are minimal, and it is 448 

zero in some of these pixels. As mentioned in the introduction, one of the sensitive bands 449 

in detecting and segmenting active band fire is SWIR2, which is zero in the green pixels 450 

in this image. Visually, and given the zone of fire in this image, maybe that these pixels 451 

are saturated. Again, the B4K357D2 model is more similar to the ground truth. 452 

It should be noted that such visual interpretations may be associated with error be- 453 

cause the nature of fire, especially its appearance in satellite images with limited spatial 454 

resolution and the significant impact of the Earth’s atmosphere, is accompanied by uncer- 455 

tainty. Figure 8 shows slight variations between network predictions in different models 456 

in another test sample of the dataset. The main difference is where the two fire zones con- 457 

nect. The closest generated map to the ground-truth map is in the B4K357D2 model, but 458 

there is a separation between the two fire zones in the other two cases. 459 

 460 

Figure 7. Pixel saturation problem in AFD in Landsat8 images. 461 

 462 
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Figure 8. Comparison between three best models for AFD by MultiScale-Net. 463 

4.3. Qualitative Evaluation of MultiScale-Net 464 

One of the significant challenges in detecting and locating active fire is the presence 465 

of many clouds in the scene, so that in some studies, first masking the cloud and then 466 

locating active fire has been done. Also, the minimal number of target pixels (fire) makes 467 

it difficult to identify them in the image. In this study, however, the issue was considered 468 

challenging (i.e., heavy cloud conditions in the scene and the low number of fire pixels) to 469 

assess the performance of the best-selected models from the previous steps. According to 470 

Figure 9, the two models, B4K357D2 and B3K35D1, have the same performance and are 471 

different from ground truth, but the B1K357D2 model has a different performance than 472 

the previous two models. Again, it can be seen that it is visually difficult to distinguish 473 

fire pixels from non-fire pixels, and there is much uncertainty. The proposed DL models 474 

may have been correctly identified. However, all three models have false positive (FP) 475 

pixels; the pixels are considered fire pixels, but non-target pixels in the ground truth. As 476 

shown in Figure 10, both models B3K35D1 and B4K357D2 have been able to detect a single 477 

pixel of fire surrounded by many cloud pixels, but model B1K357D2 has been unable to 478 

do so. This result shows that the simultaneous use of kernels of different sizes accurately 479 

extracts the spectral-spatial properties associated with active fire, allowing even a single 480 

pixel of fire surrounded by background pixels to be properly segmented. Also, visually, 481 

there is uncertainty about the pixel below the target, which may be fire. 482 

 483 

Figure 9. Qualitative comparison between three best models for AFD in severe cloudy scenes and 484 
few fire pixels 485 
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. 486 

Figure 10. Qualitative comparison between three best models for AFD in severe cloudy scenes and 487 
few fire pixels 488 

4.4. Effect of adding AFI to the three Landsat 8 bands 489 

This study presented a new index to detect active fire in Landsat 8images. The best 490 

value for both the F1-score and IoU criteria is for a condition obtained from 4 bands, that 491 

is, by adding the AFI to the three Landsat 8 bands (B3). Of course, the use of several ker- 492 

nels with different sizes or different dilation rates may have resulted in the obtained ac- 493 

curacy. For this reason, the network configuration was averaged from all possible scenar- 494 

ios in all three scenarios (B1, B3, and B4). 495 

As shown in Table 3, the highest average values of IoU, F1-score, and Sensitivity are 496 

related to the B4 scenario. However, in the case of the precision criteria, the highest mean 497 

value is related to B3. Even the average precision of the B1 scenario is better than B4. Given 498 

the fact that the best precision in the B1 is about 2% higher than in the B4, and the average 499 

value may have increased due to this high maximum value, the number of TP, FP, and 500 

FN pixels should be analyzed more attentively. Figure 11 shows that the number of FN 501 

pixels in B4 mode is less than the other two cases, while the number of FP pixels in B3 502 

mode is less than the others. In the field of AFD, FN pixels are fire pixels. However, the 503 

network has identified these pixels as non-fire, which can be very dangerous in terms of 504 

fire management and firefighting, but FP pixels, some pixels are not actual fire that the 505 

MultiScale-Net recognizes these pixels as fire and is a kind of “false alarm.” 506 

On the other hand, the addition of AFI has caused the number of TP pixels to be 507 

higher than the other two modes, and in fact, the MultiScale-Net has been able to detect 508 

more fire pixels correctly. Therefore, the lower precision in B4 than B3 mode is due to 509 

more FP pixels. Nevertheless, in criteria such as sensitivity, where the number of FN pixels 510 

becomes more prominent than FP, the B4 mode leaves an outstanding performance. Also, 511 

in most of the test samples, the B4 scenario was more in line with ground truth (as in 512 

Figures 7 and 8), but in severe cloud conditions and a small number of target pixels in the 513 

scene, there was no difference in the results (as in Figure 9 and 10). Therefore, our inno- 514 

vative index visually helps separate active fire from the background by adding three more 515 

bands (SWIR2, SWIR1, and Blue) to improve the performance of the DL network in locat- 516 

ing active fire. Although using the AFI as the sole input of the network did not lead to 517 

better results than the other two scenarios, the network predictions were reasonably good 518 

in this scenario, with even fewer FP pixels than in the B4. 519 
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 520 

Figure 11. Number of TP, FP, and FN pixels in B1, B3, and B4 scenarios for AFD by MultiScale-Net 521 

4.5. Effect of multi-size kernels and DCLs 522 

Multi-size kernels have been used in building extraction [52], cloud and cloud 523 

shadow segmentation [53] and have achieved good results. This study used this technique 524 

to extract better the fire’s extent and more excellent decision between fire and other objects 525 

with high reflectivity in the band range of SWIR2 by the deep encoder-decoder network. 526 

According to Table 3, out of the 12 best models, except for two cases, all the rest belong to 527 

configurations that use more than one kernel. The two cases that did not include this mode 528 

(i.e., the use of multi-size kernels) were for the precision criterion, and in the other criteria, 529 

the multi-size kernels were more successful. Out of 10 successes of multi-size kernels, 530 

K357 and K35 mode have been repeated five times. One of the test samples was selected 531 

to analyze the multi-size AFD ability of the multi-size kernels visually. Considering a spe- 532 

cific scenario and a constant dilation rate, the MultiScale-Net output was compared in 533 

these cases (see Fig 12). One of the challenges in detecting active fire is to change the scale 534 

of the fire in an image scene so that there is a fire zone in one part of the image, and in the 535 

other part, there are small fires up to a few pixels. As shown in Figure 12, the K357 model 536 

performed better than the other two models and was relatively robust to fire resizing. Of 537 

course, there is still a slight difference with the ground truth. 538 

The DCLs were used in deep neural networks to extract targets and features with 539 

different dimensions. In this study, DCLs with dilation rates of 1, 2, and 3 were used to 540 

locate the active fire better and meet the challenge of changing the target’s scale in the 541 

image. According to Table 3, only one of the top models used dilation rate 3, which did 542 

not show good efficiency in other models. Of the remaining 11 top models, six were rated 543 

2, and five were rated 1 (see Table 3). However, it should be noted that increasing the 544 

dilation rate from 1 to 2 improved accuracy in some cases but not always. 545 
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Figure 12. The effect of simultaneous use of several kernels with different sizes for AFD in Mul- 547 
tiScale-Net 548 

The number of FP, FN, and TPs in different scenarios has been investigated to eval- 549 

uate the performance of MultiScale-Net in further detail and the effect of simultaneous 550 

use of convolutional kernels with different sizes and DCLs with different dilation rates 551 

(Figure 13). The dilation rate 1 (D1) has the lowest FPs in scenario B1 (i.e., the AFI as the 552 

only input feature of the MultiScale-Net). Among the numerous multi-size kernel scenar- 553 

ios, the 3 and 5 kernel sizes had the fewest FPs simultaneously (K35). The dilation rate 2 554 

(D2) resulted in the lowest FNs. In contrast, the utilization of three kernels of varying sizes 555 

resulted in the lowest number of FNs, except for the dilation rate of 3 (D3). 556 

In summary, in scenario B1, it can be observed that the dilation rates of 1 and 2 and 557 

the employment of chisels of various sizes have enabled the multiscale net to perform 558 

better in fire detection and have reduced the number of segmentation errors. Examining 559 

multiple models with varied kernel sizes and dilation rates in scenario B3 does not yield 560 

a relevant result regarding FPs. The lowest number of FPs, on the other hand, is associated 561 

with a dilation rate of 3 (D3) and a fixed-size kernel of 3 (K3). At dilation rates of 2 and 3 562 

(D2 and D3, respectively), the lowest number of FPs is associated with the model that 563 

employs three kernels of varying sizes. Even though the K35D3 model has the fewest FNs, 564 

adjusting kernel sizes and dilation rates do not provide a consistent outcome. The simul- 565 

taneous use of two kernels with sizes 3 and 5 (K35) resulted in the lowest number of FNs 566 

in rates of dilations 1 and 3. In contrast, in dilation rate 2 (D2), the simultaneous use of 567 

two kernels with sizes 3 and 5 (K35) resulted in the highest number of FNs.  568 

Dilation rate 2 had the lowest FPs in scenario B4 (i.e., three bands of Landsat 8 + AFI 569 

as the MultiScale-Net input features). In contrast, the specific link between FPs and the 570 

increasing kernels with various sizes cannot be determined. The lowest number of FPs, 571 

on the other hand, is because the MultiScale-Net employs two kernels of sizes 3 and 5. The 572 

dilation rate 1 had the lowest FNs in all kernel scenarios of different sizes. However, there 573 

was still no consistent trend of changes in the number of convolution blocks with different 574 

kernel sizes and the number of FNs. 575 

In contrast, the model with the lowest number of related FNs used two kernels of 576 

sizes 3 and 5 (i.e., K35D1 model, see the last row of Figure 16). According to Figure 13, the 577 

K35D1, K3D1, and K35D2 have the lowest FPs in the B1, B3, and B4 input feature scenar- 578 

ios, respectively, while the K357D2, K35D3, and K35D1 have the lowest FN. As a result, it 579 

can be approximately deduced that using kernels of varying sizes, particularly two ker- 580 

nels of sizes 3 and 5 (K35), produces small mistakes in detecting active fire compared to a 581 

kernel of constant size 3. However, varied dilation rates (particularly rate 3) DCLs do not 582 
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significantly lower AFD inaccuracy. However, in some circumstances, the dilation rate 2 583 

has been successful. 584 
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Figure 13. The numbers of FP and FN over all the test samples by different models with various 586 
kernel sizes and dilation rates in MultiScale-Net. 587 

4.6. Comparison Analysis 588 

Previous studies in AFD and segmentation have primarily relied on thresholds on 589 

certain spectral bands and the analysis of image pixel statistics, with just a few studies 590 

employing deep convolution neural networks. The absence of bulk data for training is the 591 

main reason for not implementing these approaches. Because of the modeling of compli- 592 

cated nonlinear relationships and the use of multiple convolution kernels and max-pool- 593 

ing layers, these networks contain many parameters. A large amount of labeled samples 594 
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for the training phase is needed to estimate these parameters. De Almeida et al. [38] pro- 595 

vide the first (as far as we know) large-scale dataset for active fire segmentation, encom- 596 

passing over 150,000 image patches derived from Landsat 8 images collected throughout 597 

the world in August and September 2020, including fires in many regions. The primary 598 

distinction between our study and the reference study is constructing the CNN architec- 599 

tural structure and network input properties. Our primary objective is to create a high- 600 

performance CNN architecture for active fire segmentation to vary the fire’s size and 601 

shape to make it more robust. It can even detect individual fire pixels separated from a 602 

larger fire region.  603 

The main goal of the De Almeida et al. research was to prepare and publish a large- 604 

scale dataset for identifying active fire through DL algorithms and demonstrating the po- 605 

tential of these methods for AFD. As a result, their study relied only on the U-Net, which 606 

is one of the most widespread and straightforward CNNs available for segmentation and 607 

classification tasks in the remote sensing community. The basic U-Net excepts that the 608 

max-pooling and dropout layer are embedded after each convolutional layer were used 609 

in their study. However, our study employed convolutional kernels with multiple sizes 610 

and DCLs with varied rates in the MultiScale-Net. The feature maps of using these mul- 611 

tiscale convolutional layers were concatenated into each convolutional block to provide 612 

high-level features that allowed the MultiScale-Net to detect active firing with reasonable 613 

accuracy. 614 

Furthermore, the network was resistant to active fire resizing due to multi-size ker- 615 

nels and, in some instances, DCLs with varying rates. U-Net, on the other hand, lacks all 616 

of these characteristics. Furthermore, we introduced the AFI as a novel indicator for iden- 617 

tifying active fire. The inclusion of this index as a MultiScale-Net input to the spectral 618 

bands of Landsat 8 images resulted in the extraction of more significant features from the 619 

image and enhanced network accuracy in active fire mapping. Two scenarios for U-Net 620 

input features were considered; three and ten Landsat 8 spectral bands. 621 

Nevertheless, in our study, three scenarios were considered for network input fea- 622 

tures; three Landsat 8 spectral bands with AFI, three Landsat 8 bands, and AFI individu- 623 

ally. Another notable distinction between the two studies is using different CNN training 624 

and testing phases scenarios. The U-Net 10c (ten bands of Landsat 8 image as input), U- 625 

Net 3c (three bands of Landsat 8 image as input), and U-Net 3c light (similar to U-Net 3c, 626 

but with just a quarter of the number of convolution filters in each layer) were utilized in 627 

the reference research. Also, as ground-truth data, binary segmentation masks based on 628 

the set of conditions described in Schroeder et al. [31], Murphy et al. [32], and Kumar and 629 

Roy [30] individually, voting and intersection of these three types of masks (5 types in 630 

total) were employed (a total of 15 different scenarios). The maps were also compared to 631 

the manually annotated data during the testing phase. The MultiScale-Net, on the other 632 

hand, was evaluated in 27 different scenarios in terms of network architecture (such as the 633 

simultaneous use of kernels of different sizes -K3, K35, K357- and DCLs with variable 634 

dilation rate –D1, D2, D3-), input features (B1, B3, and B4). 635 

5. Conclusion 636 

Active fires are among the most harmful natural hazards affecting climate change 637 

and life worldwide. With the development of artificial intelligence technology, DL meth- 638 

ods have made great strides in computer image processing and vision. This research pro- 639 

vided a “Multiscale-Net” AFD algorithm to identify visible, active fire pixels using Land- 640 

sat-8 data. The proposed CNN benefited from two significant differences with the early 641 

DL networks: 1) convolutional kernels of different sizes simultaneously in each convolu- 642 

tion layer. 2) Use of convolution layers with different dilation rates. The main advantages 643 

of the proposed algorithm can be summarized in three aspects. The first is that various 644 

observational samples from five continents were used to make the results reliable. The 645 

second is that MultiScale-Net showed satisfactory performance in extracting fires of dif- 646 

ferent sizes in the challenging test samples. In another case, this study proposed AFI, a 647 
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new innovative indicator for AFD, derived from the SWIR2 and blue divisions. Mul- 648 

tiscale-Net uses it as an input feature to increase accuracy. 649 

Different models (a total of 27) were examined based on the change of these three 650 

scenarios (input features-B1, B3, B4-, multi-size kernels -K3, K35, K357-, and dilation rate- 651 

D1, D2, D3-). Most of the best models were the ones that used multi-size kernels (in some 652 

cases, changing dilation rates from 1 to 2 improved the quantitative results, but 3 was 653 

inefficient) and integrated AFI with three Landsat 8 bands as the input features with the 654 

highest Precision, Sensitivity, F1-score, and IoU 95.71, 93.93, 91.62, and 84.54, over 19 test 655 

samples, respectively. In addition, scenario-based analyses of quantitative and qualitative 656 

experimental results were carried out. Among the input feature scenarios, B4 (AFI + three 657 

Landsat-8 spectral bands) had the greatest mean (average of all possible models in each 658 

scenario) of Sensitivity, F1-score, and IoU, with values of 89.66, 90.57, and 82.79, respec- 659 

tively. This scenario had the lowest FN pixels among the other scenarios, which is an es- 660 

sential advantage because this inaccuracy ignores the extent of the fire and causes irre- 661 

versible damage during the firefighting operation. Qualitative studies also revealed that 662 

using kernels of different sizes concurrently robustness the MultiScale-Net against 663 

changes in patterns and size of the active fire in the image. This multi-size kernel in sce- 664 

nario B4 enhances the MultiScale-Net performance at fire zone linkage and in areas with 665 

single fire pixels away from major fire zones. The MultiScale-Net was also tested under 666 

cloudy conditions and with a single fire pixel, with good outcomes 667 

This study was a new step in using deep learning techniques in fire detection in sat- 668 

ellite images that have received less attention. The findings of this study can be used to 669 

manage and control fires and reduce fire damage. In future research, we propose that due 670 

to the non-dependence of the proposed method on thermal bands, the potential of Senti- 671 

nel-2 data be investigated due to its high spatial and temporal resolution. Also, the pro- 672 

cessing time of the proposed method can be evaluated in cloud environments such as 673 

Google Earth Engine (GEE). 674 
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