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Abstract. The incredible increase in the volume of remote sensing data has made
the concept of Remote Sensing as BigData reality with recent technological devel-
opments. Remote sensing image processing is characterized with features of mas-
sive data processing and intensive computation, which makes the processes diffi-
cult. To optimize the remote sensing image processing for GPU, compute unified
device architecture (CUDA) is widely used to implement remote sensing algo-
rithms. However, the usage of GPU in remote sensing image processing has been
constrained by the complexity of its implementation and configuration. Therefore,
how to take fully advantage of the parallel organization of GPU architecture is
awfully challenging. In this paper, a dynamic adaptive acceleration (DAA)method
is proposed to determine calculation parameters of GPU adaptively and prepro-
cess the input remote sensing images on host dynamically. By this method, we
determine calculation parameters according to the hardware parameters of GPU
firstly. And then, the input remote sensing images are reconstructed based on the
calculation parameters. Finally, the preprocessed image blocks are arranged to
stream tasks and executed on GPU respectively. Effectiveness of the proposed
DAA method in accelerate remote sensing algorithm with point operations were
verified by experiments in this paper, and the experimental results indicated that
the DAA method can obtain better performance than traditional methods.

Keywords: Remote sensing data · Image processing · CUDA stream · Dynamic
acceleration

1 Introduction

With the rapid development of the modern remote sensing technology, remote sensing
data having both spectral and spatial information are provided by hyperspectral sensors
[1]. And with the increased spatial and spectral resolution of sensors, the amount of
remote sensing data has dramatically increased. Remote sensing data has met the basic
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characteristics of big data which defined as 3V: volume, velocity, and variety [2, 3].
Thus, remote sensing data reaching high dimensions is defined as remote sensing big
data and analyzed in many studies [2, 4, 5]. While acquisition of remote sensing data is
no longer the most significant issue, but the processing performance of remote sensing
images. Remote sensing image processing is characterized with features of massive data
processing, intensive computation, and complex processing algorithms which make the
processing of remote sensing image difficult and inefficient [6]. In order to obtain a
better performance, GPU (Graphics Processing Unit) is widely used in the field of
remote sensing image processing.

GPU are successful accelerators as they show high data throughput with sustainable
power budget and is well supported by the SIMT (Single Instructions, Multiple Threads)
programmingmodels such as CUDA and OpenCL [6]. In past studies, it has been proved
that the time consumption of many remote sensing image processing algorithms can be
significantly reduced when optimized for GPU. For example, Wu et al. [7] presented
a computationally efficient parallel implementation for a spectral-spatial classification
method that achieved significant acceleration factors higher than 70 times with NVIDIA
GPU. Li et al. [8] focused on the most time-consuming part of the manifold learning
algorithms designed for HIS data analysis, accelerated byGPU and obtained an excellent
speedup performance. Ayomide yusuf et al.[7] had surveyed the studies about the usages
of GPU in hyperspectral images, and concluded that the implementation of parallel
algorithms onGPUhas significantly improved the classification of hyperspectral images.

Moreover, CUDA stream have further improved the performance of GPU based pro-
grams. Without any synchronization and based on architectural capabilities, NVIDIA’s
CUDA stream allows some processes to run simultaneously [8]. Leonel Toledo et al. [9]
illustrated that using dynamic parallelism and CUDA streams were able to achieve up
to 30% speedups. HuiChao Hong et al. [10] implemented the method based on CUDA
streams to compute the GLCM of an image and 50 times faster than ever before. How-
ever, in spite of the excellent performance that GPU based remote sensing applications
have achieved, how to fully take advantage of CUDA streams in remote sensing pro-
cessing and reduce the utilization complexity is awfully challenging. In order to take
fully advantage of CDUA streams, Mohamad B R et al. [8] proposed a method to predict
program parts which are able to be overlapped on CUDA streams. However, the parallel
processes were carefully designed and optimized with the knowledge of a specific algo-
rithm in most studies, but rarely consider to propose an adaptive and efficient method
that can determine execution parameters of CUDA streams according to GPU hardware
and features of the input data to be processed dynamically.

Concerning the advantages and shortcomings aforementioned of CUDA streams,
this paper proposed a dynamic adaptive acceleration (DAA) method for remote sensing
image processing to improve the performance of GPU based programs and reduce the
utilization complexity of CUDA streams. The DAA method can determine the appro-
priate number of streams automatically and determine the suitable size of image blocks
adaptively according to the GPU hardware parameters and the remote sensing images
to be processed. With this method, developers can take advantages of CUDA streams
more conveniently for remote sensing image processing. The main contributions of this
paper are as following:
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(1) Architecture of CUDA-enabledGPUwas introduced, and theoretical analysis about
the accelerationmode and execution characteristics of typical GPU parallel models,
themulti-thread parallelmodel and themulti-streamparallelmodel,were performed
respectively. Moreover, the advantage and disadvantage of multi-stream parallel
model based on CUDA streams were explained straightly.

(2) According to the correlations between GPU hardware and CUDA programming
model, an adaptive strategy which aim to determine the appropriate calculation
parameters for CUDA based programs was proposed in this paper.

(3) This paper proposed an DAAmethod to maximize resource utilization of GPU and
is effective to accelerate the remote sensing image processing based on the previous
adaptive strategy and the characteristics of remote sensing images. The theoretical
analysis and experimental results have verified the superiority of the DAA method
compared to general methods.

The remainder of this paper is organized as follows. Section 2 provides the related
works about architecture of CUDA-enabled GPU and the typical parallel models of
CUDA. Section 3 presents the proposed DAA method for remote sensing image pro-
cessing on GPU and Sect. 4 validates the method with experiments. Section 5 concludes
this paper and describes the future works.

2 Related Work

2.1 Architecture of CUDA-Enabled GPU

Generally, A GPU is composed of massive parallel processors with high floating point
performance and memory bandwidth, and has high data throughput [11, 12]. In terms of
NVIDA GPUs, SP (Streaming Processor) is the basic unit for the execution of the GPU,
and multiple SPs and memories make up the SM. And, multiple SMs, memories, and
interconnection networks make up the whole GPU, as shown in Fig. 1. Moreover, GPU
is specialized for highly parallel computation, which is exactly what image processing is
about, and therefore designed such that more processors are devoted to data processing
rather than data caching and flow control [13]. Furthermore, in order to apply GPU
to the general purpose computing, CUDA was introduced by NVIDIA in November
2006, which is a general purpose parallel computing platform and programming model
that leverages the parallel compute engine in NVIDIA GPUs to solve many complex
computational problems in a more efficient way [13, 14]. Mapping images or data to
be processed to the parallel processors, the burdensome tasks can be accelerated by
GPU effectively. To take fully advantage of the parallel organization of GPU and obtain
the best speedup, it is suggested to design and optimize the parallel process carefully
with the knowledge of GPU hardware architecture and the features of image processing
algorithms [6].

2.2 Parallel Models of CUDA

In this section, the two parallel models of CUDA are discussed and analyzed. In order
to demonstrate the characteristics of the models clearly, the time consumption of data
transfers between host (CPU) and device (GPU) is not considered.
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Fig. 1. The general hardware architecture of CUDA-enabled GPU produced by NVIDIA.

2.2.1 Multi-thread Parallel Model

The SIMT architecture of CUDA is akin to SIMD (Single Instruction, Multiple Data)
vector organizations in that a single instruction controls multiple processing elements
[13]. As described above, the CUDA-enabled GPU generally has a large number of pro-
cessors compared to CPU. And therefore, the simplest implementation for applications
which accelerated by CUDA is to divide tasks into subtasks and then executed by thread
blocks. And this method which called multi-thread parallel model, as shown in Fig. 2,
is widely used in order to take advantage of the abundant computing cores.

Fig. 2. Multi-thread parallel model of CUDA.

The Multi-thread parallel model divides the computing task into a set of subtasks
on the granularity of threads. It should be noted that the computing task is not divided
into subtasks spatially, but automatically divided by thread blocks logically. In other
words, part of the whole computing task that executed by a single thread block is called
subtask. Generally, a single thread block can handle one or more subtasks. When the
current subtask is completed, the next subtask will be processed by the released thread
block according to the predefined steps. Finally, when all subtasks are completed, the
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calculation sub-results will be combined to obtain the final result. The procedures can
be presented as the following equation.

Rt(n, t) =
n∑

i=0

Kt(subTi) (1)

Where n is the total number of subtasks, subTi stands for the subtask i, t represents the
thread block (according to the previous analysis, we can assume that the thread blocks
and subtasks correspond to each other in this paper), and Kt represents the kernel func-
tion executed by thread block t. In addition, the sub-result of subTi is represented by
Kt(subTi), and Rt represents the final result of the task. From the multi-thread parallel
model, it can be easily known that the computing task is divided into multiple subtasks
logically and executed concurrently by the thread blocks, which can obtain a better per-
formance theoretically in most cases. And the total time consumption of the computing
task executed by multi-thread parallel model is calculated as the maximum difference
between the earliest start time and the latest end time of all these subtasks handled by
thread blocks. The computingmethod can be simply presented as the following equation.

Ttotal(n, t) = max{Kt(subTi)} − min{Kt(subTi)} (2)

Where, as demonstrated in Eq. (1), i = (1,….,n), n is the number of subtasks and subTi

stands for the subtask i. Ki(subTi) represents the processing procedures and the cor-
responding sub-result of subTi executed by thread block t. Additionally, the latest end
time of all thread blocks is obtained by function max, and the earliest one is obtained by
function min.

However, although the multi-thread parallel model has effectively achieved acceler-
ation effects, the time consumption of data transfers between the host and device cannot
be hidden. And computing resources are in an idle state when performing the opera-
tions of data transfer. Therefore, the more the operations of data transfer, the lower the
occupation ratio of computing resource will be. To address this issue, the multi-stream
parallel model was utilized.

2.2.2 Multi-stream Parallel Model

A stream in CUDA is a sequence of operations execute on device in order which are
issued by the host code [13, 15, 16]. Operations within a single stream are guaranteed
to execute in the prescribed order, but operations in separate streams can be interleaved
and, when possible, they can even execute concurrently [17]. In other words, CUDA
streams act as independent work queues through which different kernels can be exe-
cuted simultaneously [18]. And, CUDA streams is a technique that can overlap kernel
execution with data transfers, and different kernel executions can even be overlapped
through Hyper-Q [19–21]. With CUDA streams and the feature of Hyper-Q, the overall
parallelism is increased due to the added granularity of streams on the basis of threads.
In fact, the multi-stream parallel model contains the multi-thread parallel model and
improves the degree of parallelism (as shown in Fig. 3). When there is only a default
stream, the multi-stream parallel model is the same as the multi-thread parallel model.
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Fig. 3. Multi-stream parallel model of CUDA.

The process procedures of multi-stream parallel model can be concluded in three
stages. Firstly, the multi-stream parallel model divides the computing task into subtasks
(S-task in Fig. 3) spatially on the granularity of streams. For example, the processing
task of a large size image can be divided into multiple image blocks spatially with
regular size. Each of the blocks is a part of the task and then assigned to separate streams
for execution. In terms of batch processing of multiple small size images, each image
is generally viewed as a single S-task and executed on separate streams respectively.
Secondly, separate S-tasks is executed through the multi-thread parallel model. But the
difference is that the execution result of each S-task is only the result of its own stream
(asySresult in Fig. 3), which is a sub-result of the whole task. Finally, in order to get the
final result, sub-results will be combined in two steps: one for the multi-thread parallel
model and the other for themulti-streamparallelmodel. The procedures can be presented
as the following equation.

Rs(n, s, t) =
s∑

i=0

(

n∑

j=0

Kt(subSiTj) ) (3)

Where n is the number of subtasks on separate stream, and s is the number of streams.
SubSiT j stands for the subtask on the granularity of threads. Kt represents the kernel
executed by thread block j on stream i, and Kt (subSiT j) represents the processing
procedures and the corresponding sub-result.Rs is the final result of thewhole computing
task. Additionally, the total time consumption of task executed by the multi-stream
parallel model is calculated as the maximum difference between the earliest start time
and the latest end time of all these subtasks. With reference to Eq. (2), the computing
method can be formulated as Eq. (4).

Ttotal(n, s, t) = max{Kt(subSiTj)} − min{Kt(subSiTj)} (4)

Although the multi-stream parallel model is commonly better than the multi-thread
parallel model in terms of parallelism and performance under most cases, the complexity
of designing and programming is relatively higher than that of the multi-thread parallel
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model. Therefore, how to take advantages of the multi-stream parallel model more
conveniently and effectively is awfully challenging.

2.3 Problem Statement

As described in the section above, it’s obvious that the multi-stream parallel model can
indirectly hide partial time consumptionof data transfers andobtain a higher performance
than themulti-thread parallelmodel due to the characteristic of overlap.However, CUDA
streams are a series of orders executed in sequence, but different stream can execute in
their own order at the same time or not regardless of sequence [10]. Paper [22, 23] have
effectively improved the performance using CUDA streams. Therefore, it seems that the
larger the number of streams, the greater the performance improvement. But, unfortu-
nately, due to the constraints of hardware resources, the larger number of streams does
not necessarily mean the better performance. Only the supported streams which have
enough computing resources can be executed simultaneously. And the more the streams
are created, the more the intervals between operations of data transfer and kernel exe-
cution are generated. In other words, it is no use to simply create more streams, because
the unsupported streams will still be executed serialized at hardware level partially, as
illustrated in Fig. 4, and compromise the performance of processing.

Fig. 4. Streams that executed serially partially.

The performance of device cannot be fully utilized when the number of CUDA
streams is insufficient. However, the large amount of CUDA streams will cause addi-
tional time consumption that could have been avoided. Therefore, how to determine the
appropriate number of CUDA streams and take fully advantage of GPU to accelerate
the remote sensing image processing are awfully challenging. In order to obtain a better
performance and simplify the configuration complexity of CUDA streams, this study
proposes a dynamic method to overcome the problem above.
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3 Algorithm Design of DAA Method

From those characteristics of GPU described above, it can be known that the GPU is
effective in accelerating the remote sensing image processing and the performance can
be improved significantly. To obtain the best speedup, it is suggested to design and
optimize the parallel applications carefully with the basic knowledge of GPU hardware
architecture and different features of the remote sensing image algorithms.

In order to obtain better performance and to use themulti-streamparallelmodel easily
and efficiently, a dynamic acceleration method for remote sensing image processing is
proposed in this section. With this method, the utilization of multi-stream parallel model
can be more conveniently and efficiently applied to remote sensing image processing
algorithms to a certain degree.

3.1 Adaptive Strategy of CUDA Streams

There are various means having been used to examine methods for improving concur-
rency and parallelism of algorithms implemented by CUDA [15, 20]. The commonly
and effectively method is to optimize applications using the multi-stream parallel model
on GPU. To obtain better performance, the larger size image was divided into blocks of
regular size for processing in existing studies [10, 24]. From the point of view of com-
puting task, the larger task is divided by concurrent streams for execution into multiple
subtasks, as shown in Fig. 5(a) to (c). Moreover, in terms of the batch processing of
small size images, the simplest method is to create an exclusive stream for each image,
and effective improvement can be obtained in most cases. But, when the number of
streams is too large, as analyzed above, part of the streams will be executed serially at
hardware level. And as shown in Fig. 5(b), the more the streams are executed serially, the
more the intervals between operations will be generated. To address this problem, the
efficient approach that combine streams executed serially on the same hardware queue
into one is proposed in this section. And, as shown in Fig. 5(d), intervals between the
scattered streams whichmapped to the same hardware queue can be reduced with stream
combination.

Therefore, in order to improve performance and parallelism of applications based
on GPU, the task should be divided into subtasks of appropriate size according to the
various situations of computing resource, and the appropriate number of streams should
be created to handle these subtasks. In terms of remote sensing image processing, there
are two cases of images to be processed frequently: the processing of a single image of
larger size and the batch processing of images of small size.

For the former case, in order to overlap data transfers with kernel execution, a larger
size image is usually divided into blocks and optimized for the multi-stream parallel
model. For the latter case, in order to avoid the situation shown as Fig. 5(b), a new
method that combine input images partially before processing and creates streams adap-
tively, instead of creating a stream for each image, according to the hardware parameters
is proposed. And, for the benefit of the adaptive method, an adaptive strategy for deter-
mining the appropriate number of streams and the size of image blocks adaptively is
defined as follows:
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Fig. 5. Diagram of execution based on CUDA streams at hardware level.

1. The number of streams should be equal to or slightly bigger than the number of
SMs, and the computing resources (i.e. threads and memories) occupied by separate
stream should not exceed the resources owned by a single SM.

2. The number of image blocks should be equal to the number of streams or an integer
times of the number, and the size of single image blocks should satisfy the following
formula:

(Bs + Rs) ∗ Sn ≤ Gm (5)

While Bs is the size of individual image block, Rs represents the size of the processing
result of the image block. Sn represents the number of streams, and Gm is the total size
of graphic memories.

3.2 Dynamic Adaptive Acceleration Method

Complying with these constraints defined in the previous section, an appropriate number
of CUDA streams can be created, and the input images can be processed dynamically
into regular-size blocks. And thus image blocks can be distributed evenly to each stream
for execution, the intervals will be reduced, and the resources occupancy ratio of GPU
will be increased. Furthermore, according to the analyses and strategies proposed above,
a dynamic adaptive acceleration (DAA) method to divide or combine input images and
to create streams dynamically for remote sensing image processing is proposed.

As shown in Fig. 6, the input images are automatically divided or combined into
blocks of regular size according to the different types of themandGPUhardware parame-
ters firstly. And then, the streams of appropriate number are created and the image blocks
are loaded onto the corresponding streams for execution. Finally, execution results are
combined to obtain the final result. With this method, the appropriate number of streams
and image blocks can be determined automatically, and the complexity of using the
multi-stream parallel model can be greatly reduced or even hidden without performance
improvement declining.
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Fig. 6. Dynamic adaptive acceleration method for remote sensing image processing.

Given constraints as following, (1) the output data (remote sensing images in this
paper) and the input data are roughly equal in size. (2) the time consumption of the kernel
function with the same amount of data to be processed is fixed. The time consumption
equations of the proposed DAA method and the general method based on multi-thread
parallel model can be described as Eq. (6) and Eq. (7) respectively, in terms of the single
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large size image processing.

2(Tint + 1

n
Tcopy) + KTinit + KTlaunch + KTcompute (6)

2(Tinit + Tcopy) + KTinit + KTlaunch + KTcompute (7)

Where n represents the number of CUDA streams which determined based on the adap-
tive strategy, T int is the time consumption and of data engine initialization and T copy
is the time consumption of data transfer. KTinit , KTlaunch and KTcompute represents the
time consumption of kernel function initialization, kernel launch and kernel execution
respectively.

Moreover, the time consumption equations of the proposed DAA method and the
general method based on multi-stream parallel model can be described as Eq. (8) and
Eq. (9) respectively, in terms of the batch processing of small size images.

2(Tint + m

n
Tcopy) + m(KTinit + KTlaunch + KTcompute ) (8)

2
⌊m

n

⌋
(Tint + Tcopy) + 2(mMODn)(Tint + Tcopy) + m(KTinit + KTlaunch + KTcompute ) +

⌊m

n

⌋
β (9)

Where m represents the number of images, the number of CUDA streams in general
method as well, and the β in Eq. (9) is defined as below.

β=
{
0, m = n
β, m �=n

The proposed DAA method can take advantages of the CUDA streams to overlap
data transfers and kernel executions, and reduce the calling intervals between operations
on each stream by load tasks to appropriate number of streams. According to the analysis
above, it can be easily concluded that the proposed DAAmethod can theoretically obtain
a better performance than general methods that simply based on the multi-thread parallel
model and multi-stream parallel model.

4 Experiment

In this section, experiments were conducted to demonstrate the performance and
effectiveness of DAA method.

4.1 Discussion and Preparation

Operations of various remote sensing image processing algorithms can be classified
roughly into three types: point operation, local operation and global operation. As shown
in Fig. 7, the simplest type is the point operation that the output result only depends on
the corresponding input image. For local operation, the output result are correlated with
the neighborhood of the pixel in input image, such as convolution calculation andmedian
filtering. And about global operation, the output result is associated with the whole input
image which is the most complex calculation.



420 X. Zuo et al.

Fig. 7. Typical operation of remote sensing image processing algorithms.

Fig. 8. Diagram of adaptive strategy for algorithms with point operations.

According to the three types of operations, it is obvious that DAA is more applicable
for the algorithms with point operations because of the computational independence of
point operations. Therefore, in terms of point operations, all the small-size images either
of the same size or of different size can use the DAA, as shown Fig. 8.

However, when the DAA method is applied to algorithms with local operations,
the adaptive strategy of DAA should be changed. In terms of large size image, the
neighborhood data should be considered when DAA is applying to the algorithm of
local operations. Changes should be made and vary with features of local operation
algorithms, as shown in Fig. 9(a). In addition, integrity of small size images should be
guaranteed, which means that small size images are required to have the same size, as
shown in Fig. 9(b). Given that, design and implementation of algorithms with local or
global operations accelerated by DAA method are still difficult, and the generality and
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performance of DAA method will be greatly compromised. It is obvious that the DAA
method is not suitable enough for algorithms with local operations or global operations.
Therefore, only experiments on the algorithms of point operations was carried out in
this paper.

Fig. 9. Changes and constraints of adaptive strategy in DAA for local operations.

The remote sensing images that produced by GF1 satellite were selected for exper-
iments in this section, and the hardware parameters of experimental GPU is shown in
Table 1. In order to evaluate the effectiveness of the proposed method better, the time
consumption of applications in host was ignored.

Table 1. Experimental environment.

GPU GeForce GTX 1060

Cores 1280 SMs 10

Clock rate 1.67 GHz CUDA Cores 1280

Global memory 6 GB UVA Support Yes

CUDA version 9.2 Warp Size 32

4.2 Experimental Result

In the first experiment, the NDVI calculation [25], a typical remote sensing image pro-
cessing algorithm of point operations is selected. The processing of large size image
accelerated by DAA and general purpose multi-thread parallel model (called G-MT in
this paper) was respectively discussed. To illustrate the impact of different size images,
the original remote sensing images of different sizes (8540 × 8520 and 12000× 13400)
were chosen, and remote sensing images of other regular sizes (4000 × 4000, 16000 ×
16000 and 20000 × 20000) were obtained by splitting and stitching. Additionally, the
total size of GPU computing resources used by the method of G-MT is equal to that used
by DAA. Results and perform configuration of the first experiment are shown in Table 2.

In the first experiment, the time consumption of method G-MT and method DAA
was compared, including all the operations of data transfer and kernel execution. It
can be easily seen from Fig. 10 that DAA had achieved better performance compared
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Table 2. Experimental result.

Specifications DAA G-MT

Configuration Streams 10 1 (default)

Execution
parameter

<1, 128 > <10, 128 >

Image sizes (ms) 4000 ×
4000

15.99124 25.15754

8540 ×
8520

73.2981 96.02902

12000 ×
13400

162.36974 234.44748

16000 ×
16000

253.1896 389.38958

20000 ×
20000

468.82148 651.24778

to G-MT. And with the increasing size of image, the acceleration effect was further
improved. As demonstrated in previous section, the multi-stream parallel model has
achieved parallelism with a higher degree than the multi-thread parallel model does.
Given that, the DAA divided large size image into regular size image blocks and created
streams according to the hardware situations, and then loaded image blocks evenly onto
the separate stream. Therefore, DAA has obtained a better performance improvement in
the processing of large size remote sensing image than G-MT. And, as the image size
increases, so did the performance improvement.

In the second experiment, the application of DAA in batch processing of small size
images was evaluated. There are 9 groups of images were used in this experiment, from
20 to 180 images andwith an interval of 20 images between each group. In terms of image
data, remote sensing tile images of 1000 × 1000 size were chosen. In this experiment,
the groups of images were processed using the general purpose multi-stream parallel
model (G-MS) was implemented that streams were created for each image respectively.
Besides, batch processing of image groups using DAA was implemented too. Results
and perform configuration of the second experiment are shown in Table 3.

As shown in Fig. 11, DAA has achieved better performance improvement than G-
MS. Reasons for this improvement was analyzed in previous sections that DAA has
effectively reduced the calling intervals, which were generated by G-MS frequently and
increased with the number of images in batch image processing.

Particularly, when the number of images in the group is 20, DAA took the same
or even more time consumption compared to G-MS. The reason is that when the size
and number of images are not large enough, more streams could achieve a higher par-
allelism and resources occupancy rate. This is also the case for group that contains 80
images. When the number of images was 80, only slight performance improvement was
achieved. However, in general, DAA has achieved better acceleration effects than G-MS
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Fig. 10. Comparison of G-MT and DAA for processing of large size image.

Table 3. Experimental result.

Specifications DAA G-MS

Configuration Streams 10 Number of images

Execution
parameter

<1, 128 > <1, 128 >

Images 20 10.9963 10.27162

40 16.55978 19.1056

60 20.7585 28.35928

80 26.70484 30.25702

100 31.72824 39.98284

120 36.57192 48.22432

140 42.89492 55.39422

160 46.34424 58.61586

180 51.92558 65.094

in the experiment. And, as the the number of images increased, so did the performance
improvement.
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Fig. 11. Comparison of G-MS and DAA for batch processing of small size images.

5 Conclusion and Future Work

In this paper, a dynamic acceleration method for remote sensing image processing is
proposed. The method can create streams and process the input images into blocks of
appropriate size dynamically according to hardware parameters, and finally can load
image blocks onto the corresponding streams evenly for execution. Moreover, the effi-
ciency and performance of the proposed method in the typical remote sensing image
processing algorithms of point operation is proved through experiments with differ-
ent number and size of images. With this method, the two typical situations in remote
sensing image processing algorithms of point operation have both obtained efficiently
performance improvement, without the need to set calculation parameters of GPU and
preprocess the input images manually. Therefore, it is concluded that the method pro-
posed can be more convenient and obtain a better performance than traditional methods
in accelerating remote sensing image processing.

According to the experimental results in this paper, it is obvious that the method
proposed still has some deficiencies, and there was only its performance and generality
in algorithms of point operation were proved. Therefore, the future study will focus
on how to further improve the performance of the method proposed based on different
hardware situations and computing modes [26–29]. Moreover, the application of the
DAA method in other typical types of remote sensing image processing algorithms is
taken into the agenda.
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