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Object detection in maritime environment:
Performance evaluation of background subtraction

methods
Dilip K. Prasad1,∗,C. Krishna Prasath1, Deepu Rajan2, Lily Rachmawati3, Eshan Rajabally4, and Chai Quek2

Abstract—This study provides a benchmarking of the perfor-
mance of 23 classical and state-of-the-art background subtraction
algorithms on visible range and near infrared range videos in the
Singapore-Maritime dataset [1]. Importantly, our study indicates
the limitations of the conventional performance evaluation crite-
ria for maritime vision and proposes new performance evaluation
criteria better suited to this problem. The study provides insight
into the specific challenges of background subtraction in maritime
vision. We identify four open challenges that plague background
subtraction methods in maritime scenario. These include spurious
dynamics of water, wakes, ghost effect, and multiple detections.
Poor recall and extremely poor precision of all the 23 methods,
which have been otherwise successful for other challenging
background subtraction situations, allude to the need of new
background subtraction methods custom-designed for maritime
vision.

I. INTRODUCTION

It is envisaged that autonomous ships will be equipped
with numerous sensors, of which visible and infrared cameras
would play an important role in collision avoidance [1], [2].
Object detection in a video stream captured from cameras is
critical in this respect. The first step in a computer vision
system that detects objects in videos is background subtraction
(BS). The background information of the scene is estimated
and subtracted from the original video frame, which results
in the detection of foreground objects. The problem becomes
challenging when the background is dynamic as opposed to
being static.

It is clear that we are dealing with dynamic background
in the maritime environment due to the presence of waves,
wakes etc. However, as we show, even state-of-the-art BS
algorithms that address dynamic backgrounds are unable to
handle the dynamics present in the maritime situation. This
is because conventional dynamic BS algorithms treat regions
of high spatio-temporal correlation as foreground objects and
waves present high spatio-temporal correlations [3]. See [1],
[4] for more extensive discussion on challenges of maritime
vision problem, including BS.

In Table I, we compare the performance of 22 algorithms
from Sobral’s background subtraction library [5] on four
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datasets - the background models challenge (BMC) dataset
[6], the change detection (CD) dataset [7] and the Singapore
Maritime (SM) dataset [1] containing both visible (SMV) and
infrared (SMIR) videos. The open source availability of the
source codes and the previous benchmarking results [5], [7]
were the reasons for the selection of these methods. The details
of computing the precision and recall are discussed in sections
IV and section V. We mention here that the true positive
detections used for computing the precision and recall in Table
I are determined using intersection over union (IOU) ratio
being more than 0.5. The best performing methods for the
BMC dataset with mean background (best precision, 0.935)
and fuzzy Gaussian (best recall, 0.909) do not perform well
for the SMV and SMIR dataset (precision < 0.133 and recall
< 0.139). SuBSENSE, which performs the best for the CD
dataset (precision 0.751 and recall 0.812), provides a precision
of only 0.133 (for SMV) and recall < 0.139. Interestingly,
the best performances on SMV and SMIR datasets across
all the methods are much poorer than even the worst
performances on the BMC and CD datasets. Thus, we see
that there is a pressing need to revisit the BS algorithms
specifically for the maritime environment. As a first step,
this paper provides a benchmark of current BS algorithms.

In this study, we note that the challenges of applying BS in
maritime environment begin with the lack of suitable metrics
for evaluating the performance of object detection in maritime
environment. We show that the conventional object detection
metric in computer vision, IOU, is not suitable for several
object detection possibilities in maritime computer vision. So,
we present new metrics that may be better suited for maritime
problem. Moreover, the study not only benchmarks several BS
methods quantitatively, but also performs qualitative investiga-
tion of the reasons of poor performance. This leads to identi-
fication of specific BS challenges that plague object detection
in maritime problem. Through numerous experiments and new
performance metrics, we have clearly outlined methods that
are ineffective and those that hold promise and need to be
further investigated for adaption to the maritime domain. This
exercise provides specific and useful pointers for the attention
of researchers in this exciting and challenging problem with
significant impact on the future of maritime technology.

The dataset and methods used in this study are described in
sections II and III, respectively. Our methodology is presented
in section IV. The metrics for analyzing the performance
of object detection through BS are presented in section V.
Results, both quantitative and qualitative, are presented in
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section VI. A discussion on the study is presented in VII.
The study is concluded in section VIII.

II. DATASET

Singapore Maritime dataset [1] is composed of videos
acquired in high definition format (1080 × 1920 pixels)
using Canon 70D cameras around Singapore waters. The
dataset has on-shore (camera fixed on a platform) and
on-board (camera on-board a moving vessel) videos. The
ground truths (GT) for the objects were annotated by vol-
unteers unrelated to the project, using annotation tools de-
veloped in Matlab. The objects were enclosed in bound-
ing boxes. The dataset and annotation files of the GTs are
available on the project webpage https://sites.google.com/site/
dilipprasad/home/singapore-maritime-dataset. We use only on-
shore videos in this paper to focus on inherent problems of BS
in maritime scenario that are unrelated to the motion of the
ship on which the camera is mounted. The on-shore videos are
further categorized into visible range and near infrared (NIR)
range videos. The NIR videos are acquired using a modified
Canon 70D camera with its hot filter removed and a visible
range blocking filter added. The details of the dataset are given
in Table II.

III. METHODS USED FOR BENCHMARKING

As mentioned earlier, we use 22 BS methods for whose
source codes are available at https://github.com/andrewssobral/
bgslibrary. We also include a recent method, namely gener-
alized fused lasso foreground modeling [16], whose matlab
source code is available. We performed parameter optimization
to achieve reasonable performance since the default parameters
were completely unsuitable for the maritime problem. We
categorize the methods used in this study according to the
survey in [5] and briefly review each method in this section.
These categories are: basic methods that employ basic statisti-
cal techniques for modeling dynamics of background; methods
that model background using Gaussian distributions, this is a
large and expanding family of methods; methods that model
background using complex statistical distributions other than
Gaussian, also an expanding family; methods that use texture
and color descriptors, comprising of family of the popular local
binary and ternary patterns; and other machine learning based
methods which employ mathematical models of background
that can be solved as some form of optimization problem in-
corporating priors. Existing maritime background subtraction
methods often ignore the temporal information and estimate
background for each frame independently [1]. In a few cases,
Gaussian models have been used with limited success, see [1].
We also note independent multimodal background subtraction
method (IMBS) [17], which has been developed for maritime
problem specifically. Default parameters have been used for
all the methods being benchmarked, unless stated otherwise.
For further details of the methods, please see [5], [16] and
references therein.

We note that the BS methods considered in this paper
are not exhaustive and it would be ideal to include all BS
approaches. Interested readers are referred to review articles
[18], [19], [20], [5], [21], [22], [23], [24], references therein,
and other recent articles [25], [26], [27], [28], [29], [30], [31],

[32], [33], [34], [35], [36], [37], [38], [28], [39], [40], [41],
[42], [43], [44], [45]. These methods have not been tested
for various reasons, such as unavailability of source code,
insufficient information for faithful reproduction of algorithm,
unsuitability to maritime environment, and small increment
over the methods included in this study. In this sense, we
deem that benchmarking on these 23 methods is sufficient
to obtain insights about the effectiveness of BS methods in
maritime domain and opens the field for richer evaluation by
other researchers active in development of BS approaches in
computer vision.

A. Basic BS methods

a) Mean background [8]: This method computes the
background in the current frame as the mean image of the
last T frames. Binary foreground mask is computed using a
simple threshold of the difference between the current frame
and the background. Due to the default small value of T , it can
adapt fast but can only detect those objects which are subject
to significant movement in these frames.

b) Adaptive median background [14]: This method ini-
tializes the background as the median of first T0 frames. Then,
after every T frames, the background is updated in selected
regions such that the updated intensities in these regions is
closer to the corresponding intensities in the current frame.
The background regions to update are determined adaptively
in each update interval. This method is suitable for slowly
varying background and relatively fast moving objects.

c) Prati’s median background [46]: This method is
different from [14] in three major ways. First, it updates its
background model using a temporal median filter over the last
T frames and the last estimate of the background. Second,
it computes the thresholds for determining background and
foreground adaptively. And third, it uses a fast bootstrapping
method for background initialization which involves partition-
ing the image region into blocks, adaptively adjusting blocks
that demonstrate high difference in consecutive frames and
quickly converging to stable blocks such that a stable initial-
ization of background is obtained. Through these features, it
is expected to perform better in vacillating background such
as encountered in maritime videos.

B. Methods that use Gaussian background models

a) Grimson’s Gaussian mixture model (GMM) [47]:
Grimson’s GMM models the temporal distribution of the
intensities (or color values) at a pixel as a mixture of Gaussian
distributions, which are adaptively updated using online K-
means approximation approach. Then the spatial distribution
of the parameters and weights of the fitted GMMs are used to
adaptively estimate the background as the GMMs update after
each frame. Large deviations from the current background
model indicate foreground pixels. This approach allows for
a variety of backgrounds with large standard deviations (such
as rustle of leaves or water ripples) and long term temporal
changes to be effectively modelled .

b) Wren’s Gaussian Average (GA) [48]: Conceptually,
Wren’s GA is similar to Grimson’s GMM, but it fits only
one Gaussian distribution per pixel. The mean values of the
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TABLE I
THE PERFORMANCE FOR BMC [5], CD [7], SMV AND SMIR DATASETS. THE DATA CORRESPONDS TO 22 METHODS IN SECTION III.

Best performance Worst performance
Dataset Method Precision Method Recall Method Precision Method Recall
BMC [5] Mean background [8] 0.935 Fuzzy Gaussian [9] 0.909 Eigen-background [10] 0.658 Mean background [8] 0.597
CD [7] SuBSENSE [11] 0.751 SuBSENSE [11] 0.812 KDE [12] 0.581 Zivkovic’s GMM [13] 0.660
SMV SuBSENSE [11] 0.133 Adaptive Median [14] 0.139 T2Fuzzy GMM-UM [15] <0.001 T2Fuzzy GMM-UM [15] <0.001
SMIR Multicue 0.073 Texture 0.081 Mean background [8] 0.000 Mean background [8] 0.000

TABLE II
DETAILS OF THE SINGAPORE-MARITIME DATASET USED IN THIS PAPER.
Datasets Visible range NIR range
Number of videos 33 22
Number of frames 16584 10846
Minimum number of objects in a frame 0 0
Maximum number of objects in a frame 20 21
Total number of objects in all the videos 192980 80543

Gaussian distributions at the pixels are used to model the
background. Online learning of background is made possible
through the update of the Gaussian distributions for all the
pixels in each frame. Such method accommodates long term
slow temporal changes in the background but allows only one
form of background distribution per pixel. Thus, in comparison
to Grimson’s GMM, it is expected to be less effective in
dealing with wakes as background.

c) Simple Gaussian [49]: This implementation is con-
ceptually similar to Wren’s GA [48], but it utilizes likelihood
maximization for updating the parameters of the Gaussian
distribution at each pixel.

d) Zivkovic’s adaptive GMM (AGMM) [13]: Zivkovic’s
AGMM models both background and foreground as GMMs.
Thus, although the GMMs can be fit for each pixel, Gaussian
distributions with small weights would indicate the fore-
ground. The need to include a new Gaussian distribution in the
GMM is also an indicator of the foreground. In addition to the
online learning of background through this concept, Zivkovic’s
AGMM incorporates forgetting of the old background model
through the use of suitable constant weight for updating the
parameters and weights of the GMMs.

e) Mixture of Gaussian (MoG) [5]: This is a hybrid of
Grimson’s GMM [47] and Zivkovic’s [13], where the GMM
model and update is derived from [47] but the number of
Gaussian distributions used to represent the background is
determined through [13].

f) Fuzzy Gaussian [9]: This method models background
as a Gaussian low pass filter and adaptively updates the back-
ground using a fuzzy running average scheme. The decision
on foreground pixels is also taken using fuzzy logic.

g) T2 Fuzzy GMM (T2FGMM) [15]: It models the
background as GMM with either uncertain means (UM) or
uncertain variances (UV) specified by fuzzy logic. The back-
ground is made adaptive by updates of the fuzzy functions for
mean or variance.
C. Methods that use other statistical background models

a) Kernel density estimation (KDE) [12]: KDE models
background as composed of non-parametric kernels, thus al-
lowing non-Gaussian distributions of the background to be
modelled. The adaptation of the background occurs as online
tweak of the probability density function. The intensities with
larger probabilities correspond to background. In the current
implementation, Gaussian kernel of zero mean is used.

b) VuMeter [50]: VuMeter is a KDE based non-
parametric background model. However, instead of using
Gaussian kernels [12], it uses Kronecker delta kernels. A
simple temporal update of the model is used and foreground
detection is further cast as likelihood maximization of Gaus-
sian particle filters representing the foreground segmentations.

c) Independent multimodal background subtraction
(IMBS) [17]: IMBS has three components. The first
component is an on-line clustering algorithm. The RGB
values observed at a pixel is represented by histograms of
variable bin size. This allows for modelling of non-Gaussian
and irregular intensity patterns. The second component is a
region-level understanding of the background for updating the
background model. The regions with persistent foreground
for a certain number of frames are included as background
in the updated background model. The third component is a
noise removal module that helps to filter out false detections
due to shadows, reflections, and boat wakes. It models wakes
as outliers of the foreground, forming a second background
model specifically for such outliers. It is the only method in
this list of methods which has been developed for maritime
computer vision problem specifically.

D. Methods that use texture and color descriptors

a) Texture as background [51]: Background is modelled
as composed of textures described using histogram vectors
(HVs) of local binary patterns (LBPs). At each pixel, the
weights of LBPs are computed. The weight vector is compared
against the stored HVs of stored background. Small intersec-
tion implies foreground pixel. Large intersection prompts the
update of HVs of LBPs of background.

b) Multicue [52]: It uses multiple cues such as texture,
color, and region appearance. Texture model with scene adap-
tive LBP descriptors is used to detect the initial foreground
regions. Color value statistics are integrated with texture de-
scriptors to refine the results of texture based foreground seg-
mentations. Lastly, Hausdroff distance between the edgemap
and the segmented foreground regions is used to refine the
foreground. As already seen in Fig. 3, Multicue may not
perform well for maritime problem if the texture is not
appropriately modelled.

c) Local binary similarity segmenter (LOBSTER) [53]:
LOBSTER uses local binary patters with self-similarity
throughout the images. It is adapted from ViBe [54] and
replaces ViBe’s pixel-intensity level description of the back-
ground with spatiotemporal similarity of local binary patterns.
The model is updated using simple rules based on distance
between the similarity patterns.

d) Self-balanced sensitivity segmenter (SuBSENSE) [11]:
SuBSENSE employs pixel level change detection using com-
parisons of colors and local binary similarity patterns. It uses
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(a) Metric CIOU is illustrated here. (a) Metric CIOG is illustrated here. (a) Metric CBEP is illustrated here.

Fig. 1. The ticks indicate true detections while the crosses indicate false detections.

Fig. 2. Comparison of metrics for three methods providing superior quantitative results with balanced precision and recall on visible range videos.

an adaptive feedback mechanism for updating the background
features as the background dynamics change with time.

E. Other machine learning based methods

a) Eigen-background [10]: In this technique, M eigen-
images of last N frames are incrementally computed with
each frame. These eigenimages encode static and large scale
dynamic features, including long term temporal changes such
as in illumination conditions. Thus, they are suitable for small
foreground objects and are expected to deal with wakes which
persist for a long duration.

b) Adaptive self organizing maps (SOM) [55]: In order
to mimic human neural systems, it uses hue-saturation-value
color space and trains a neural networks-based self-organizing
map in which the background at each pixels is represented
by weights of multiple neurons in an intermediate layer. It is
shown in [55] to be amenable to moving backgrounds, varia-
tions in gradual illumination and camouflage, and shadows.

c) Fuzzy adaptive SOM (ASOM) [56]: It has two major
enhancement over adaptive SOM. First, it introduces a spa-
tial coherence variant to its neural network. Second, it uses
fuzzy logic to make soft decisions about classifying pixels

as background or foreground. Consequently, this method has
lower false positives and better robustness in comparison to
Adaptive SOM.

d) Sigma Delta [57]: Sigma-Delta background employs
a recursive non-linear operator called Σ−∆ filter. This filter
emulates a simple counter that adds one to the output if the
current signal is more than previous signal and deducts one
from the output if the current signal is less than the previous
signal [58]. The method is made robust using a spatio-temporal
regularizer. Multiple filters with different time constants are
used to accommodate complex background dynamics.

e) Generalized Fused Lasso Foreground Modeling [16]:
This method is similar to eigen-background in representing the
background as low-ranked sub-space. Foreground estimation
is made robust through generalized fused lasso regularization
and incorporation of penalty for total variation. The Matlab
code of the method, provided on the project website of [16] is
used for generating the results. Computation time of GFLFM
is prohibitively long. Thus, we have provided results for visible
range videos only.
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IV. METHODOLOGY

All videos are down-sampled in spatial dimensions by a
factor of 2 for methods in BGS library and by a factor of
4 for GFLFM. Each BS method generates a binary image in
which background is assigned 0 and the foreground region
is assigned 1. All the results are generated on an Intel Xeon
CPU with E5-1650@3.2 GHz and 64 GB RAM system. The
holes in the foreground binary mask are filled and closed
regions are detected. The bounding boxes of closed regions
are determined. Bounding boxes of dimensions smaller than
10 pixels are considered as spurious detections due to noise
and water dynamics and are removed from further processing.
Each of the remaining bounding boxes is considered as a
detected object.

For each pair of detected object (DO) and ground truth
object (referred to as GT), we compute a performance metric
C (see section V for the metrics considered). We note that it
is preferable to use the shape segmentation of the GT and DO.
However, obtaining shape segmentations manually for all the
frames of maritime videos is tedious and resource demanding,
and ultimately a heuristic exercise. Thus, we use the bounding
boxes of the GT and DO objects in maritime videos for
performance evaluation. The metrics have been defined such
that if the DO-GT pair does not qualify certain thresholds, the
value of the metrics is assigned to be −∞. Then, we use the
Hungarian algorithm [59] to find one-to-one correspondences
(i.e. only one DO should be considered as representing a GT)
between the detected objects and ground truth objects. We use
1−C as the input argument for the Hungarian method. Indeed,
the pairs of DO-GT with the value of metric equals to infinity
do not result in any correspondences due to the value −∞
being assigned to the metrics when the thresholds are not met.
The other possible correspondences are ranked to minimize
the value of 1 − C after all correspondences are complete.
The total-number of correspondences is used as the number
of true positives (TP). The number of detected objects for
which correspondences could not be determined corresponds
to false positives (FP). Similarly, the number of ground truth
objects for which correspondences could be found is used as
false negatives (FN).

Then precision, recall, F-score are determined as follows:

Precision =

T∑
t=1

TPt

T∑
t=1

(TPt + FPt)

; Recall =

T∑
t=1

TPt

T∑
t=1

(TPt + FNt)

(1)

F-score =
2 Precision Recall

Precision + Recall
(2)

where t denotes the frame and T is the total number of frames.

V. METRICS FOR PERFORMANCE EVALUATION

In computer vision, object detection is usually evaluated by
the metric known as Intersection over Union (IOU), which is
defined as

IOU =
Area(GT ∩DO)

Area(GT ∪DO)
(3)

In order to discard poor DO-GT pairs before finding one-
to-one DO-GT correspondences, we use a threshold c0 and
modify the IOU metric as follows:

CIOU(c0) =

{
IOU if IOU ≥ c0
−∞ otherwise

(4)

Illustration of the metric and examples are given in Fig. 1(a).
The presence of wakes behind the vessels often result in

detected objects wider than the GT. It is important in maritime
vision to detect objects for collision avoidance. Consequently,
even though a detected object is wider than the GT due to
the presence of wake, it is preferable to consider it as a
true positive. However, IOU may reject such object as false
positive. Thus, we introduce a slight modification to the IOU
metric by changing the denominator to comprise the area of
the GT only. We call it Intersection over Ground truth (IOG)
and define it as follows:

IOG =
Area(GT ∩DO)

Area(GT)
(5)

and

CIOG(c0) =

{
IOG if IOG ≥ c0
−∞ otherwise

(6)

The illustration of the metric and examples are shown in Fig.
1(b). In comparison with Fig. 1(a), it shows that such metric
may allow true positives corresponding to objects with wake
but can be prone to false positives in the case of occlusions.

Maritime objects may be characterized by a solid dense
hull having larger possibility of detection and sparse mast
region, which may not be amenable to detection. In order to
handle this case, we propose a new metric called Bottom Edge
Proximity (BEP) to test if the bottom edges of DO and GT
are close. We define it as follows:

CBEP(X0, Y0) =

{
X(1− Y ) if X ≥ X0, Y ≤ Y0

−∞ otherwise
(7)

where,

X =
∆xoverlap

∆xGT
; Y =

∆ybottom
∆yGT

(8)

∆xoverlap is the overlap of the DO and GT in the horizontal
direction, ∆xGT is the width of the GT, ∆ybottom is the
distance between the bottom edges of the DO and GT, and
∆yGT is the height of the GT, as illustrated in Fig. 1(c). This
metric incorporates the salient property of CIOG along the
horizontal direction, allowing wider detections due to wakes.
At the same time, it assess true positives for the detections
that focus on hull and cannot detect the mast region. 6

We select three methods, LOBSTER [53], Multicue [52],
and SubSENSE [11], for comparing the metrics and their
relative merits and demerits in practical maritime scenario.
These methods are chosen for their superior performance in
comparison to others (as shall be evident in section VI).

The precision-vs-recall map of these methods are given in
Fig. 2. For different metrics and their thresholds, the top row
plots median precision and median recall of these methods
on the visible range videos, while the 90th percentile values
of precision and recall are plotted in the bottom row. We
find that CIOU(0.5), the IOU metric with threshold of 0.5
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conventionally used for object detection, generates quite poor
precision and recall. This is because the IOU metric is quite
stringent for the maritime problem due to the possibility of
detection of hulls only or wider detections due to wakes. Thus,
in our evaluations, we use relaxed threshold of 0.3 for IOU.

In comparison, the IOG and BEP metrics provide better
values of recall for the same value of c0 and X0. Further,
BEP provides better value of precision and recall in general,
as seen here for LOBSTER and SubSENSE. We note that IOU
penalizes false positive portion of the DO. Through this, large
IOU supports better performance in comparison to IOG. For
example, a DO that covers the entire frame has a perfect IOG.
On the other hand, BEP does not suffer from this shortcoming
of IOG and retains the property of penalizing the false positive
regions in the DO.

In addition to the quantitative analysis, we also provide
qualitative results in Figs. 3, 4, and 5, which highlight the
strengths and drawbacks of these metrics more explicitly. The
yellow arrows in the top row of Fig. 3 indicate the DOs which
are wider than the corresponding ground truths due to the
presence of wakes. IOU clearly fails in such cases, especially
with a long or wide trail of wake. This is due to its property of
penalizing the false positive regions of the DO, as discussed
before. It is seen in the second and third rows that IOG and
BEP deal with such cases better. On the other hand, the yellow
arrow in the second row of Fig. 3 shows the inherent limitation
of IOG, where IOG incorrectly detects a true positive if a
very large DO is falsely detected due to large dynamics of
water. The yellow arrow in the third row of Fig. 4 shows a
sail-boat for which most methods may detect only the base
and only BEP can correctly identify the corresponding DO as
true positive. However, the DO to the left of this object is an
example in which the BEP enables classification of the DO as
true positive. It might be argued that this is a poor detection
and that a metric should be more stringent in classifying such
DO as true positive. Nevertheless, we highlight that most BS
methods only allow for partial detection of the object. This
motivated our choice of small value (0.3) for the thresholds
c0 and X0. The last qualitative example in Fig. 5 shows two
objects in close vicinity with one object of very low contrast.
The BS method yields only one DO for both the objects, as
highlighted with the yellow arrow in the top row of Fig. 5.
Only IOU is effective in assigning this DO as a false positive.
Yet, it may be argued that in maritime, it is beneficial to assign
this as a true positive and should be considered in collision
avoidance and navigation planning. Thus, we consider that the
problem of defining suitable metrics for maritime scenario is
an important one.

We also highlight that segmentations other than bounding
boxes, such as boundary regions, or metrics based on back-
ground pixel classification may be used. Examples include
PSNR, SSIM, and D-score. However, these form of perfor-
mance evaluations may not be always effective. For example,
using boundary regions with a pixel based metric will be
ineffective for objects such as sail boats, objects from which
only a small part is detected as DO, and objects with long
wakes. Additionally, forming region based ground truth is very
difficult in maritime videos and requires man hours which

Fig. 3. Illustration of why metrics other than the standard Intersection over
union (IOU) may be needed for maritime videos. Black boxes indicate the
ground truth. Multicue method is used to detect the objects (red and green
boxes). Green and red boxes indicates the DOs identified as the true positive
and false positive, respectively.

Fig. 4. Illustration of why metric Cbottom may be really needed for some
cases. Black boxes indicate the ground truth. LOBSTER method is used to
detect the objects (red and green boxes). Green and red boxes indicates the
DOs identified as the true positive and false positive, respectively.

Fig. 5. Illustration of why we should not discard IOU. Black boxes indicate
the ground truth. SuBSENSE method is used to detect the objects (red and
green boxes). Green and red boxes indicates the DOs identified as the true
positive and false positive, respectively.
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Fig. 6. Statistics of the performance metrics for visible range videos. The colors denote the different types of methods and match the colors used in Table III.

are inordinately large in comparison to the bounding box
annotations of the ground truth. Hence, pixel or region based
metrics are not used in this paper.

VI. RESULTS

We present the results of the 22 methods for SMV and
SMIR datasets using IOU(0.3), IOG(0.3), and BEP(0.3, 0.5),
based on our analysis in section V. Results for SMV and SMIR
datasets are discussed in sections VI-A and VI-B, respectively.

A. Visible range videos

1) Quantitative evaluation: The performance of various
methods are shown in Fig. 6 and listed in Table III. It is
noted that the precision of all the methods is quite poor,
indicating huge number of false positives, irrespective of the
metric used. Recall is significantly better for most methods.
Nevertheless, recall for all methods is quite low in comparison
to the recall observed for the datasets and problems considered
in [5], [7]. We provide a visual summary of Table III in Fig.
7 for the metric CBEP(0.3, 0.5). In Fig. 7, we divide the
precision-recall plot in 6 regions, namely, poor-precision-poor-
recall, poor-precision-moderate-recall, poor-precision-good-
recall, moderate-precision-poor-recall, and other two unpop-

ulated regions. In lieu of the generically poor precision,
moderate precision here is being defined as precision >0.1.

It is notable that adaptive-median method among the basic
methods, simple Gaussian method and fuzzy Gaussian method
among Gaussian background methods, and eigen-background
method among machine learning methods provide good recall,
although precision of all of these methods is very poor. The
reason of poor precision is evident in qualitative results pre-
sented in Fig. 8. These methods are ineffective at modelling the
water as background, causing dynamic speckles and variations
in water to be detected as foreground. We call these effects as
spurious dynamics of water (SDOW).

In general, texture based methods and GFLFM provide
a balance between precision and recall, as noted in Fig. 7.
Notably, they provide significantly better precision than other
methods, however with poor recall. The reason for this is
evident in the qualitative results presented in Fig. 8(d,e).
These methods show great effectiveness in modelling and
subtracting SDOW and thus increasing the precision. However,
they suppress slow moving and almost stationary foreground
objects as background. In essence, they are effective for
detecting maritime objects with patterned fast motion.
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TABLE III
MEAN VALUES OF PRECISION, RECALL, AND F-SCORE OF DIFFERENT METHODS FOR VISIBLE RANGE VIDEOS.

Methods CIOU(0.3) CIOG(0.3) CBEP(0.3, 0.5) Time
Precision Recall F-score Precision Recall F-score Precision Recall F-score (ms/frame)

Basic BS methods
Mean [8] © 0.004 0.004 0.004 0.006 0.006 0.006 0.030 0.027 0.024 63.13
Adaptive Median [14] + 0.005 0.286 0.010 0.007 0.422 0.013 0.010 0.657 0.020 109.98
Prati’s median [46] × 0.019 0.119 0.029 0.021 0.137 0.033 0.041 0.280 0.064 149.52
Methods that use Gaussian background models
Grimson’s GMM [47] © 0.010 0.141 0.018 0.012 0.172 0.021 0.021 0.303 0.036 125.19
Wren’s GA [48] + 0.014 0.141 0.024 0.017 0.177 0.029 0.036 0.374 0.061 71.73
Simple Gaussian [49] × 0.001 0.220 0.003 0.002 0.401 0.005 0.004 0.653 0.008 170.00
Zivkovic’s AGMM [13] � 0.012 0.217 0.022 0.016 0.316 0.029 0.028 0.536 0.051 85.41
MoG [47], [13] © 0.005 0.228 0.009 0.006 0.319 0.012 0.011 0.523 0.021 138.96
Fuzzy Gaussian [9] + 0.002 0.222 0.003 0.003 0.399 0.005 0.004 0.651 0.008 187.94
T2Fuzzy GMM-UM [15] × 0.010 0.004 0.005 0.153 0.028 0.045 0.079 0.032 0.039 84.19
T2Fuzzy GMM-UV [15] � 0.006 0.158 0.011 0.007 0.199 0.013 0.013 0.387 0.024 194.47
Methods that use other statistical background models
KDE [12] © 0.015 0.208 0.027 0.019 0.270 0.034 0.036 0.503 0.066 102.52
VuMeter [50] + 0.003 0.014 0.005 0.004 0.020 0.006 0.011 0.042 0.014 55.55
IMBS [17] × 0.014 0.125 0.023 0.016 0.148 0.026 0.026 0.239 0.043 237.60
Methods that use texture and color descriptors for background
Texture [51] © 0.008 0.095 0.014 0.010 0.116 0.017 0.018 0.198 0.031 1431.67
Multicue [52] + 0.144 0.087 0.101 0.552 0.228 0.291 0.208 0.126 0.146 186.06
LOBSTER [53] × 0.137 0.112 0.109 0.146 0.120 0.118 0.206 0.181 0.172 695.68
SuBSENSE [11] � 0.258 0.073 0.102 0.275 0.078 0.110 0.411 0.116 0.164 1181.73
Machine learning based methods
Eigen-background [10] © 0.005 0.268 0.009 0.007 0.425 0.013 0.011 0.658 0.021 228.78
Adaptive SOM [55] + 0.012 0.230 0.022 0.015 0.307 0.028 0.028 0.517 0.052 126.04
Fuzzy ASOM [56] × 0.015 0.203 0.027 0.018 0.254 0.033 0.034 0.445 0.061 130.38
Sigma-Delta [57] � 0.004 0.150 0.008 0.005 0.191 0.009 0.009 0.342 0.016 104.24
GFLFM [16] � 0.089 0.032 0.044 0.409 0.180 0.231 0.399 0.157 0.210 363 sec/frame

2) Qualitative evaluation: Now, we discuss some inter-
esting characteristics of maritime vision problem observed
consistently across a variety of methods. We list the qualitative
capabilities of the methods in Table IV. This is done through
qualitative examples presented for all the methods in Fig. 8.
We consider results of the 200th frame of the videos since
the learning would be mature for almost all methods by that
frame. Then, we selected those videos whose 200th frames
illustrate multiple effects typical of maritime scenario. In these
figures, the methods in blue colored text show ’ghost effect’
and the methods in magenta colored text show false positives
corresponding to ’wakes’. Lastly, we note that the detected
foreground pixels may form disjoint subsets of actual fore-
ground pixels, for example in adaptive median method (Fig.
8(a)). Such effect may result into multiple small detections for
a single object. For the convenience of reference, we refer to
this effect as multiple detections (MD). Most methods studied
in this paper, with the exception of multicue, demonstrate MD,
as noted in Table IV.

a) Basic BS methods: Among the basic methods (Fig.
8(a)), adaptive median method shows false positives due to
both SDOW as well as ghost effect. The ghost effect is promi-
nently evident for moving objects. The ship in the foreground
entering from the right hand side has just started entering a
few frames before and its ghost does not appear. This implies
that the ghost effect is related to the history of the object.
Of course, for the objects that are stationary or moving very
slowly, the presence of historical learning does not result in a
spatially well-separated ghost. However, this effect becomes a
challenge for the fast moving objects. Its presence appears
to be related to two aspects of the algorithm. The first is

Fig. 7. Visual summary of Table III for CBEP(0.3, 0.5) is provided here.
The markers corresponding to the methods match the markers in Table III.

that the methods that use regional correspondences may have
a better self-correction as the object moves away to newer
spatial regions in subsequent frames. This is confirmed through
the absence of ghost effect in Prati’s median method, where
concept of image blocks is used. The second is the importance
of forgetting old memories or having smaller temporal scales
for learning. For example, the small value of T in mean
background method is the reason of lack of history of the
moving objects. However, temporal scales of learning are also
directly related to the robustness of background models. Thus,
there appear to be a conflicting requirements for the temporal
scales.
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Fig. 8. Qualitative comparison of the methods using different examples. Yellow boxes indicate the ground truth while the blue boxes indicate the detected
objects. Magenta colored text indicates failure to deal with wakes and blue colored text indicates ghost effect.

b) Methods that use Gaussian background models:
Among these methods (Figs. 8(c)), simple Gaussian method,
fuzzy Gaussian method, and MoG suffer from false detec-
tions due to SDOW. Grimson’s GMM, Wren’s GA, MoG,
and T2FuzzyGMM-UV are ineffective at modeling wakes as
background. Simple Gaussian, Zivkovic’s GMM, and Fuzzy
Gaussian suffer from the ghost effect. While T2FuzzyGMM-
UM is free of all these effects, it appears to be more stringent
on the foreground as well, delegating a large portion of the
foreground to the estimated background. Nevertheless, its ef-
fectiveness in modeling maritime background is commendable
and post-processing such as foreground region growing etc.
may aid in improving the foreground detection. We also
note that T2FuzzyGMM-UM suppresses stationary or slowly
moving foreground objects as background. On one hand,
it is not expected for methods performing dynamic BS to
detect stationary objects as foreground, on the other hand, the

detection of these objects is important in maritime problem.
Here again, the role of temporal scales of learning becomes
relevant. Stationary or slow moving objects correspond to
almost no additional learning over a long period of time except
due to illumination changes or occlusion. This property may be
useful in detecting stationary objects in maritime background.

c) Methods that use other statistical background models:
Among these methods (Fig. 8(b)), KDE is more sensitive
to SDOW, although not as sensitive as simple Gaussian,
fuzzy Gaussian, etc. KDE also suffers from the ghost effect.
While IMBS is better among these methods for detecting
foreground pixels, even related to stationary or slow moving
foreground objects, it will benefit from some form of region
growing techniques as post-processing. We note that IMBS is
ineffective for modelling wakes as foreground, as seen in the
second example in Fig. 8(b). It suffers from a very alleviated
form of the ghost effect, where it is sensitive to recent motion
but not to prolonged history, as seen in the first example in
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TABLE IV
QUALITATIVE CHARACTERISTICS OF METHODS IN THE CONTEXT OF

MARITIME VISION PROBLEM ARE LISTED HERE. X INDICATES
EFFECTIVENESS IN DEALING WITH THE ISSUE, × INDICATES
INEFFECTIVENESS, AND − INDICATES INCONCLUSIVENESS.

Visible range NIR range
Methods SDOW Wakes Ghost MD SDOW Wakes Ghost MD
Basic BS methods
Mean X × X × X X X ×
Adaptive Median × − × × × × × −
Prati’s median X × X × X × X ×
Methods that use Gaussian background models
Grimson’s GMM X × X × × × X X
Wren’s GA X × X × × × X ×
Simple Gaussian × × × − × × × −
Zivkovic’s GMM × − × × × × × −
MoG × × X − × × X ×
Fuzzy Gaussian × × × − × × × −
T2FuzzyGMM UM X X X × X X X ×
T2FuzzyGMM UV × × × × × × X X
Methods that use other statistical background models
KDE × − × × X X X ×
VuMeter X X X × X X X ×
IMBS − × × × × × X ×
Methods that use texture and color descriptors for background
Texture × × X × × × × ×
Multicue X − × X × × X X
LOBSTER X X × X X × × ×
SuBSENSE X X X − X X X ×
Machine learning based methods
Eigen-background × × × × × × × X
ASOM × X × × × × × X
Fuzzy ASOM × × X X × × × X
Sigma-Delta × X X × × × X ×
GFLFM X × X × not tested

Fig. 8(b).
d) Methods that use texture and color descriptors for

background: Except the basic texture method, the other three
methods are very effective in suppressing SDOW and wakes.
Multicue and LOBSTER suffer from ghost effect, although
LOBSTER is less severely effected in comparison to other
methods that are afflicted by ghost effect. Multicue has a
tendency of forming foreground blobs much larger than the
foreground. In fact, Multicue may easily bleed the foreground
blobs into the water region and incorrectly detect a large
portion of water as foreground. This is evident in the second
example of Fig. 8(d) as well as Fig. 1(c). On one hand,
Multicue method ensures that the suppressed background is
unlikely to have any foreground objects. On the other hand,
Multicue makes processing of the detected foreground region
for finer detection of foreground objects mandatory. Lastly,
SuBSENSE is effective in detecting fast moving foreground
objects, and suppressing all forms of maritime background. It
however suppresses the stationary and slow moving objects as
background, which is undesirable.

e) Machine learning based methods: All machine learn-
ing based methods, except sigma-delta and GFLFM methods
suffer from ghost effect. Sigma-delta method suffers from
false positives due to wakes. GFLFM is effective in detecting
fast moving foreground objects and suppressing SDOW. It,
however, suppresses the stationary and slow moving objects
as background. It also suffers from MD and inability to model
wakes as background. All the machine learning methods,
except GFLFM, are affected by SDOW to some extent.

3) Summary of results in visible range: The quantitative
and qualitative results appear conflicting at a cursory glance
at Tables III and IV. However, they are actually consistent

and quite insightful, as we discuss here. A major observation
from Table III is that all methods have poor precision, i.e.
they generate a large number of false positive detections. The
largest number of false detections is due to the incapability of
the current methods to deal with SDOW. The second largest
contributor in false detections is wakes and the third largest
contributor is the MD. Among all the methods used in this
dataset, only LOBSTER is effective in dealing with these three
causes of false detections. In general, methods that use texture
and color descriptors (Multicue, LOBSTER, and SuBSENSE)
are better at dealing with these issues. Thus, it is not surprising
that their precision is superior to other methods.

MD is potentially an easier problem to tackle among all
these issues. If MD is not significant, some form of region
growing or graph cut methods may provide simple solutions to
the MD problem. However, modeling SDOW as background is
more difficult; only 9 methods out of 22 can model SDOW as
background. Modeling wakes as background is even tougher;
only 6 methods out of 22 are capable of dealing with wakes.
We do note that there have been some works on detecting
water regions that are considered as background [60], [61].

Lastly, ghost effect is related to temporal scales of learning
and the motion characteristics of the vessels. Potentially,
multiple temporal scales of learning and incorporation of
additional regional cues may help in suppressing ghost effect.
Four inferences can be drawn from these analysis. First, no
non-regional pixel-only methods can alone be useful in mar-
itime vision problem. Incorporation of additional background
descriptors potentially with regional characteristics is essential.
Second, background modelling at multiple temporal scales
may be quite critical for suppression of ghost effect. Third,
background suppression for maritime vision problems need
additional region growing or region cleaning procedures to
effectively deal with false detections due to SDOW, wakes,
and MD. Fourth, new background modelling approaches for
SDOW and wakes should be developed.

B. NIR range videos

1) Quantitative evaluation: The performance of the meth-
ods for the NIR range videos is compared in Fig. 9 and Table
V. Similar to visible range videos, the precision of all methods
is quite poor in the NIR range. Interestingly, the recall is
poorer for NIR range videos than the visible range videos.
We attribute this to the presence of only one intensity channel
in NIR range as compared to the three color channels in the
visible range.

We provide a visual summary of Table V in Fig. 10 for the
metric CBEP(0.3, 0.5). We follow the partitioning used in Fig.
7. For the NIR range videos, only Simple Gaussian method
and Fuzzy Gaussian methods provide good recall while Eigen-
background barely misses the zone of good-recall.

Similar to the visible range videos, methods that use texture
and color cues (Multicue, LOBSTER, and SuBSENSE) pro-
vide a balance between precision and recall. Prati’s median
also surprisingly provides similar balance for NIR range
videos only but not for visible range videos.
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Fig. 9. Statistics of the performance metrics for NIR range videos. The colors denote the different types of methods and match the colors used in Table V.

2) Qualitative evaluation: The qualitative analysis for NIR
range videos is performed along the same lines as visible range
videos. We present qualitative examples for NIR range videos
in Fig. 11. We discuss the qualitative results for each category
of methods below, while the general qualitative characteristics
are listed in Table IV.

a) Basic BS methods: As shown in Fig. 11(a) using two
examples, Mean method suppresses almost all the background,
including SDOW and wakes, but MD is quite severe for
the Mean method in NIR range videos. Adaptive median is
ineffective for SDOW and wakes. It also generates ghost effect.
Prati’s median suffers from MD and inability to model wakes
as background. Among the three, although Adaptive median
generates a large number of false positives, it provides better
recall than the other two methods, as evident qualitatively in
Fig. 11(a) and quantitatively in Table V.

b) Methods that use Gaussian background models: An
example of qualitative results for these methods is given in Fig.
11(d). It is seen that among all the methods, Grimson’s GMM
and T2FuzzyGMM-UV perform better despite being unable to
deal with wakes and ineffective for SDOW. SDOW severely
afflicts Simple Gaussian, MoG, and Fuzzy Gaussian. MD

Fig. 10. Visual summary of Table V for CBEP(0.3, 0.5) is provided here.
The markers corresponding to the methods match the markers in Table V.

severely affects Wren’s GA and T2FuzzyGMM-UM. Among
these two, although Wren’s GA is ineffective for wakes, it is
more effective than T2FuzzyGMM-UM for detecting the true
objects.
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TABLE V
MEAN VALUES OF PRECISION, RECALL, AND F-SCORE OF DIFFERENT METHODS FOR NIR RANGE VIDEOS.

Methods CIOU(0.3) CIOG(0.3) CBEP(0.3, 0.5) Time
Precision Recall F-score Precision Recall F-score Precision Recall F-score (ms/frame)

Basic BS methods
Mean [8] © 0.000 0.000 0.000 0.002 0.003 0.002 0.005 0.005 0.004 39.92
Adaptive Median [14] + 0.005 0.136 0.010 0.009 0.228 0.016 0.018 0.469 0.035 57.76
Prati’s median [46] × 0.020 0.009 0.009 0.027 0.018 0.014 0.135 0.102 0.086 78.48
Methods that use Gaussian background models
Grimson’s GMM [47] © 0.006 0.062 0.010 0.009 0.096 0.016 0.018 0.194 0.031 85.36
Wren’s GA [48] + 0.013 0.037 0.016 0.019 0.058 0.023 0.058 0.192 0.079 40.07
Simple Gaussian [49] × 0.002 0.207 0.004 0.004 0.415 0.009 0.007 0.644 0.014 98.93
Zivkovic’s AGMM [13] � 0.011 0.102 0.020 0.022 0.215 0.038 0.050 0.457 0.085 50.71
MoG [47], [13] © 0.003 0.099 0.006 0.005 0.170 0.010 0.011 0.349 0.020 82.36
Fuzzy Gaussian [9] + 0.002 0.199 0.004 0.005 0.409 0.009 0.007 0.637 0.015 114.57
T2Fuzzy GMM-UM [15] × 0.017 0.002 0.003 0.183 0.029 0.046 0.067 0.029 0.029 61.30
T2Fuzzy GMM-UV [15] � 0.005 0.084 0.009 0.007 0.130 0.013 0.016 0.291 0.030 133.36
Methods that use other statistical background models
KDE [12] © 0.006 0.013 0.007 0.016 0.036 0.019 0.075 0.093 0.069 41.37
VuMeter [50] + 0.002 0.008 0.003 0.005 0.015 0.007 0.008 0.028 0.011 51.99
IMBS [17] × 0.016 0.045 0.022 0.021 0.068 0.029 0.038 0.127 0.054 108.63
Methods that use texture and color descriptors for background
Texture [51] © 0.009 0.163 0.018 0.012 0.205 0.023 0.020 0.319 0.037 563.47
Multicue [52] + 0.145 0.109 0.115 0.254 0.170 0.184 0.175 0.134 0.139 145.86
LOBSTER [53] × 0.076 0.028 0.035 0.088 0.043 0.046 0.160 0.095 0.094 492.00
SuBSENSE [11] � 0.094 0.027 0.036 0.107 0.042 0.048 0.193 0.086 0.099 827.93
Machine learning based methods
Eigen-background [10] © 0.007 0.169 0.013 0.012 0.325 0.024 0.023 0.585 0.044 183.30
Adaptive SOM [55] + 0.010 0.119 0.018 0.014 0.190 0.026 0.029 0.380 0.053 93.76
Fuzzy ASOM [56] × 0.015 0.117 0.025 0.020 0.177 0.035 0.042 0.378 0.074 95.78
Sigma-Delta [57] � 0.002 0.024 0.003 0.003 0.039 0.005 0.007 0.108 0.013 59.94

c) Methods that use texture and color descriptors for
background: It is not surprising that the absence of color
cues causes deterioration in the performance of Multicue, often
leading to false detections and foreground bleeding (opposite
of the reason behind MD) in regions with SDOW even if
no actual foreground object is present there. However, ghost
effect is completely absent in Multicue and quite diminished
in LOBSTER for NIR range videos. The absence of color
affects LOBSTER by making it ineffective in modeling wakes
as background. Lastly, the lack of color increases MD in
SuBSENSE.

d) Machine learning based methods: All methods is this
group are ineffective for SDOW and wakes. Ghost effect is a
prominent feature of Eigen-background. It afflicts ASOM and
Fuzzy ASOM as well, although to a lesser severity. Among
these methods, only Sigma-Delta suffers from MD.

e) Methods that use other statistical background models:
Although KDE is more effective in suppressing background
in NIR range videos than visible range videos, it is also
more severely afflicted by MD in NIR range videos. VuMeter
performs similar in either datasets and is not promising. As
compared to visible range videos, IMBS performs slightly
poorer in NIR range videos in suppressing wakes and SDOW.

3) Summary of results in NIR range: It is conclusively
evident that NIR range videos pose more challenge in com-
parison to the visible range videos, mainly due to the lack
of color cues. The other observations for visible range videos
generically apply to the NIR range videos as well.

VII. DISCUSSION

Due to the specific characteristics of the maritime environ-
ment, conventional BS algorithms, including state of the art

ones, have been rendered largely ineffective. In this section,
we focus on those characteristics and offer solutions that could
prove effective in countering the problems in BS due to them.

SDOW and MD: Dynamic background methods used
in this study are quite sophisticated and have previously
demonstrated ability to deal with complex backgrounds. Some
of them have been applied to dynamic water backgrounds as
well [60], [61], although the region of view is the same order
as the foreground object both in lateral span as well as in focal
depth in these methods. Practical maritime vision involves
large view region and large depths of view. Consequently,
the physical scales vary greatly across the scene due to non-
linear mapping of the world space coordinates to the sensor
coordinates. Further, glint, speckle, color variations induced
due to illumination conditions, and underwater topography
together form spurious dynamics of water with large variation
in the spatial scales in the image. The methods that are able
to model SDOW well (for example SuBSENSE [11]) usually
intensifies the issue of MD. MD is often a result of the edge
regions of foreground being assigned to background. In most
situations, this happens because the method models drastic
variations as background in order to model SDOW and the
edge regions of the foreground objects also demonstrate such
drastic variations.

Modeling wakes: Our study shows that modeling wakes
as background is difficult for existing BS methods. Even IMBS
[17], developed specifically for maritime vision, shows failure
in modeling wakes as background. As with SDOW, methods
that model wakes as background suffer from MD.

Ghost effect: The speeds of foreground objects in mar-
itime vision problems vary greatly in both the physical units as
well as image units. As a consequence, the temporal scales of



13

Fig. 11. Qualitative comparison of various methods for example frames of NIR range videos. Yellow boxes indicate the ground truth while the blue boxes
indicate the detected objects. Magenta colored text indicates failure to deal with wakes and blue colored text indicates ghost effect.

learning which are suitable for certain speeds are unsuitable for
other speeds. This causes ghost effect related to the historical
trail of the foreground objects for which the temporal scales
of learning were unsuitable.

Intensity only data and infrared spectrum: Our results
show deteriorated performance of most methods when applied
to near infrared (NIR) range videos instead of visible range
videos. Poor performance of most methods even in visible
range, and worse performance in NIR range indicates the need
for the design of new BS algorithms that can provide better
performance for maritime vision in the absence of color cues.

Potential solutions: Improvement in modelling SDOW
and wakes involves trade-off with MD. A potential solution is
to choose methods that are effective in modelling SDOW and
wakes as the core and address the issue of MD in the post-
processing. For instance, growing regions of multiple detection
and merging regions with local homogeneous properties after
region growing could be used to reduce multiple detections.

Tackling the problem of ghost effect may require exploita-
tion of regional characteristics instead of only pixel-level
background learning, use of multiple time scales of learn-
ing, and mechanisms to forget historical knowledge. Lastly,
background subtraction methods for NIR videos may require
development of newer more complex background descriptors
with regional features to counter the absence of color cues. It
may be interesting to use multi-scale spatio-temporal features
for this purpose. We expect that spectral feature such as
wavelets or level sets may be useful for this purpose.

Further, we note that the present study does not cover the
influence of learning rates on the performance. The various
control parameters of each method determine background
modeling and learning rates. In turn, they can provide trade-
offs in terms of various challenges and influence the ghost
effect versus false negatives. However, such study requires
method-specific attention and deserves a dedicated study for
better performing methods. Such study is currently out of the
scope of this paper. We invite the attention of other active
researchers working on background suppression to explore the
trade-offs in terms of the above identified challenges.

Lastly, we discuss the computation times of the methods.
We note that for reasonable real-time processing, it is preferred
to have computation rate of >25 frames per second, i.e. <40
ms per frame. However, all benchmarked methods require an
average of more than 50 ms per frame for visible range videos
(see Table III). Some methods take as much as >1000 ms per
frame and GFLFM takes few hundred seconds per frame. The
average computation time per frame is significantly lesser for
each method in NIR videos (see Table V). However, we note
that none of these methods have been tested with GPUs and
thus there is a large scope for reduction in computation time.
Further, once accurate object detection can be performed, the
computation time can be reduced by optimization of algo-
rithmic implementation and using parallel processing. Thus,
while we acknowledge the importance of practically small
computation time, we do not consider computation time as
the currently critical requirement for maritime vision.
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VIII. CONCLUSION

The presented study provides an in-depth insight into the
challenges of background subtraction in maritime computer
vision. The results in this study demonstrate that maritime
background subtraction is inordinately challenging for the
state-of-the-art background subtraction methods. While we
determine the limiting issues for each method, we also indicate
the windows of opportunity for the design of algorithms better
suited for maritime vision.

An in-depth qualitative analysis reveals that maritime back-
ground subtraction is plagued with four major effects, namely
spurious dynamics of water (speckle, glint, color variations),
wakes, ghost effect, and multiple detections. Underlying rea-
sons point out that practical solutions may be incorporated in
the existing maritime methods for ghost effect and multiple
detections through incorporation of regional cues, multiple
temporal scales, and foreground region growing. However,
SDOW and wakes may need new background modeling ap-
proaches. Incorporation of forgetting mechanisms may help
the background models in dealing with not only ghost de-
tections but also in SDOW and wakes due to their transient
nature. Our study also indicates the need of new metrics that
can incorporate wakes, occlusion, and partial detections typical
of maritime vision in the performance evaluation.

We hope that the challenges and potential solutions identi-
fied in this work will lead to the development of new robust
maritime background suppression methods which will be a big
leap towards the realization of autonomous maritime vehicles.
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