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Abstract
Video smoke detection (VSD) is a prospective and effective choice for
fire detection in spacious buildings and forests. In order to improve the
detection rate and reduce the false positive rate of the VSD system,
domain knowledge of smoke was used to segment suspected smoke
regions in a video frame first. Then we designed a deep neural network
to extract the features of smoke regions to do recognition. With relative
source domain and target domain, source task and target task, transfer
learning of Alex-net, Inception V3 and ResNet pre-trained were used to
distinguish smoke regions in this work. The F-beta value can be as high
as 0.99. Experiments show that domain knowledge is important for
smoke detection in the preliminary stage. Meanwhile, instance- and
parameter-transfer learning can be potentially effective solutions for VSD
in the future.
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neural networks (CNN); Gaussian Mixture Model (GMM); smoke feature
analysis
Introduction
Compared to traditional temperature and smoke sensing detectors, VSD
has many advantages, including non-contact, quick response, directviewing, large detection zone and small restriction of building layer height.
We used deep CNN in our VSD framework. A two-stage detection
scheme including domain knowledge based suspected region detection
and CNN based smoke recognition is proposed.
Smoke video dataset
The 138 smoke videos are collected from three different institutions
[1-3]. Positive samples are smoke images, as shown in Fig. 1(c).
Negative samples are suspected non-smoke images collected from
VOC2012 [4] and our experiments.

The model is trained with 3415 labeled smoke images and 18308 nonsmoke images (include 17708 images from VOC2012 and 600 suspected
non-smoke images). Some samples are in Fig. 1.
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Fig. 1. Samples of the training dataset.
(a): non-smoke images collected from VOC2012.
(b)-(c): non-smoke and smoke images clipped by ourselves.
Motion based suspected smoke detection
Smoke can be treated as continues moving regions with typical velocity
in a video. In preprocessing stage, GMM is used to remove the most
static background to reduce the computation load [5]. There are four
steps in GMM based motion detection: initialize the background model,
verify the pixel at (x, y) is foreground or background, update the
parameters and the background, repeat until the video stops.
Inductive transfer learning for smoke detection
With GMM based motion detection method, a group of small suspected
smoke patches are collected. Then a binary classification network is built
to do recognition. VOC2012 dataset is introduced as non-smoke samples,
which can be treated as source domain DS. The CNN based natural
image classification work can be treated as TS. DT is the target domain
with smoke and non-smoke patches. TT is the target learning task of
classification [6]. TS and TT are in related areas (image classification),
inductive transfer learning is used to improve the learning of the target
predictive function fT(g) in DT with the knowledge in DS and TS. The
source domain data (VOC2012) is used together with our labeled data in
the target domain DT [6]. Variation of non-smoke images brought by DS
will help to improve the performance of TT.
In parameters-transfer learning, weights of the loss functions for the
source and target data can be different to achieve better performance.

Alexnet [7], Inception-V3 network [8] and Resnet [9] have been trained
on ILSVRC to do classification. Because of the similar task target (image
classification), it is possible that excellent image classification
performance can be transferred to the smoke detection task.
Smoke recognizing model building
A simplified smoke classification model is shown in Fig. 2. Suspected
moving patches detected with GMM are resized to n×n as the input of the
model. Hidden layers are transferred from classical deep CNNs.
Input X
(suspected
moving
patches)

Hidden
Layer 1

Hidden
Layer 2

Hidden
Layer n

FC Layer

Softmax

Output Y

……

y1

……

..
.

..
.

..
.

..
.

y2

……

Input Layer

Hidden Layer

Output Layer

Fig. 2. A simplified smoke recognizing model. The hidden layers can be
part of Alexnet, Inception V3 or Resnet.
Inception V3 with 47 layers is used as the example to explain the
designing of our model. For each input image, a 2048-dimensional
feature vector is generated. FC (fully connected) is used to flatten the
feature into a one-dimensional vector. This vector X = [x1, x2, …, xN]
(N=2048) represents the input image. There are three categories of in
our dataset: smoke, non-smoke and fake-smoke. Fake-smoke can be
included in non-smoke, while these images are specially designed to
enhance the classification ability. After we get the 2048-dimensional
feature vector, a FC layer is used to get the final result Y = [y1, y2, y3].
Each category has a probability of y, and Softmax (Eq. 1) is used to
calculate the probability of the category.
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(Eq. 1)

k=1

K is the number of image categories, and here K is 3. Softmax layer
gives 3 probability values Z = [z1, z2, z3]. max(Z) is selected as the smoke
detection result showing which category the image belongs to. The real
label is Z’ = [z’1, z’2, z’3]. In training stage, cross entropy is used as the
loss function.

Stochastic Gradient Descent is used to optimize the model. Learning rate
is 0.003 and batch size is 100. The training dataset is used to re-train the
top layer of the source network for smoke recognition.
Experiment and analysis
The machine used includes a NVIDIA GTX 1080Ti GPU, an i7-7800X
3.5 GHz 6-Core processor. The model is based on tensorflow. GMM
based motion detection can remove almost 50 percent of the background
pixels. The ratio of moving regions and frame size is in Fig. 3. For the
testing videos, the ratios are range from 0.01 to 0.5. Most of the static
background is removed and the risk of false positive rate is decreased.
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Fig. 3. Ratio of moving region and frame size in a series of video frames.
(a)~(d) are the four video examples. The first and second row
show original images and detected moving regions with GMM in
the four videos.

Quantitative analysis of smoke detection results
The training dataset is split into training, validating and testing datasets
with the ratio 4:4:2. The model tends to be stable after about 1200 steps,
as shown in Fig. 4 (a). The precision (P), recall (R) and F-Measure (Fβ)
shown in the ((Eq. 2 to
(Eq. 4
are used to evaluate the model.
P=

Correctly Classified Smoke Images
All Classified Smoke Images

(Eq. 2)

R=

Correctly Classified Smoke Images
All Smoke Images in Dataset

(Eq. 3)

Fβ =

(1+ β 2 )  P  R
β 2  P +R

(Eq. 4)

Results of transfer learning
The results are shown in Fig. 4. Resnet with 50 layers shows the best
performance. Alexnet has little lower precision, recall and F-beta value.
Inception V3 has the similar performance to Resnet.

Fig. 4. Comparison of the average precision, recall, F-beta score of the
smoke image classification model transferred from Alexnet,
Inception V3 and Resnet.
Qualitative analysis of smoke detection in videos
In testing stage, the accuracy is calculated in each scenario. Because in
the national standard about fire detector, the response time is
20 seconds. If an alarm occurs in the first 20 seconds of a video, it is
considered that the detection is successful and the detection results are
in Table 1. We get the 100 percent detection rate in these scenarios:
cotton smoke in standard lab, wood smoke in an experiment chamber,
cotton and PCB smoke in an experiment chamber, leaf smoke in an
experiment chamber, and outdoor leaf smoke. Some detection results of
continuous frames are in Fig. 6.

Table 1. Detection results in different environment scenarios (smoke
detected videos/total videos).
Video in
Fig. 5

Description of the video

Detection
results

(a)

outdoor cotton smoke

9/10

(b)

smoke from a chimney

5/7

(c)

outdoor black smoke

16/16

(d)

forest smoke

2/4

Results explanation
shielded by trees
low smoke
concentration
pedestrian false
alarm
moving too slow,
unable to be
detected with GMM

We get the 100 percent detection rate in these scenarios: cotton smoke
in standard lab, wood smoke in an experiment chamber, cotton and PCB
smoke in an experiment chamber, leaf smoke in an experiment chamber,
and outdoor leaf smoke. Some detection results of continuous frames are
in Fig. 6.
The most exciting result is Fig. 6 (d), with moving pedestrians, there is no
false alarm and the smoke can also be detected. However, in some
special circumstances, the detection fails, as shown in Table 1
and Fig. 5. In Fig. 5(a), shielded by trees the smoke cannot be detected
by GMM. Smoke concentration is a metric of sensitivity for all kinds of
smoke detectors. If the concentration is as low as shown in Fig. 5(b), the
VSD will not respond. It should be acceptable because sensitivity of any
detector is limited, while we need to consider about this factor in VSD.
In Fig. 5(c), the moving person causes a false alarm and we need more
negative samples looks like real fire scenarios to reduce false alarms.
If smoke appears in the distance too far, such as forest smoke in
hundreds of meters away from the cameras (Fig. 5(d)), with the
parameters fixed for most of the fire scenarios with a nearer distance in
GMM based motion detection, it will fail in the first stage. The most
obvious characteristic of forest smoke is it seems moving quite slowly
and for forest fire, we should adjust the parameters to adapt to the
particular smoke behavior.

Fig. 5. VSD failed in these fire scenarios. (a)~(d) are frames clipped
from videos in group 6-9 in Table 1.

Fig. 6. Smoke detection results of continues frames. (a) cotton smoke
in an experiment chamber, (b) outdoor black smoke, (c) outdoor
cotton smoke, (d) outdoor cotton smoke with pedestrians,
(e) cotton smoke in standard lab with strong light, (f) smoke of
PCB, (g) smoke from a chimney.
Conclusion and outlook
In experiments, precision, recall and F-beta value higher than 0.98, which
demonstrates that it is feasible to use the model transferred from CNN
pre-trained with natural images. Although deep CNN can help recognize
smoke efficiently, the feature of smoke itself is still not clear and there is
lack of understandable representation of smoke. To find an ideal
descriptor for smoke is still the goal for many researchers in this field.
Moreover, combining low-level features and abstract features to
construct a good representation of smoke is significant. Meanwhile, the
generalization needs to be considered if the sample data is not sufficient.
These problems will be studied in our future work.
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