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Abstract. We consider job scheduling in a multi-layer vision system.
We model this problem as scheduling a number of jobs, which are made
of multiprocessor tasks, with arbitrary processing times and arbitrary
processor requirements in a two-layer system. Our objective is to mini-
mize the makespan. We have developed several heuristic algorithms that
include simple sequencing and scheduling rules. The computational ex-
periments show that three of these heuristic algorithms are efficient.

1 Introduction

A multi-layer vision system provides both spatial and temporal parallelism for
solving integrated vision problems [1, 6]. However, its performance does not
only depend on the performance of its components but also efficient utilization
of them, which can be achieved by effective handling of data partitioning, task
mapping, and job scheduling. Although data partitioning and task mapping are
well studied in the literature, the job scheduling aspect is usually ignored [3].

In this paper, job scheduling on a multi-layer computer vision architecture
is considered. In this architecture, a typical integrated vision algorithm employs
more than one feature extracting algorithm to strengthen the evidence about
object instances. This requires multiple low and intermediate level algorithm
pairs to be performed on a single image frame. More specifically, every incoming
image frame first initiates a number of algorithms at the first layer, and then the
output of these algorithms for that image is passed on to the second layer where
another set of algorithms is initiated, and so on. Due to data dependency between
low, intermediate, and high level algorithms, parallelism is exploited by executing
them at the dedicated layers of a multi-layer system creating a pipelining effect
for continuous image frames. On the other hand, spatial parallelism is exploited
by decomposing an operation to the processors of a layer.

We can model the above problem as follows: There is a set J of n indepen-
dent and simultaneously available jobs (algorithm pairs) to be processed in a
two-stage flow-shop where stage j has mj identical parallel processors (j = 1, 2).
Each job Ji ∈ J has two multiprocessor tasks (MPTs), namely (i, 1) and (i, 2).
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MPT (i, j) should be processed on sizeij processors (processor requirement) si-
multaneously at stage j for a period of pij (processing time) without interrup-
tion (i = 1, 2, . . . , n and j = 1, 2). Jobs flow through from stage 1 to stage 2
by utilizing any of the processors while satisfying the flow-shop and the MPT
constraints. The objective is to find an optimal schedule for the jobs so as to
minimize the maximum completion time of all jobs, i.e. the makespan, Cmax.
In this scheduling problem both the processing times and the processor require-
ments are assumed to be known in advance. Although these parameters for some
vision algorithms cannot be known until run-time, this problem can be overcome
by obtaining them from the results of previously processed image frame. Our ex-
periments show that this is a reasonable approximation. Lastly, although this
model includes only two layers, it can be easily extended to include more layers.

2 Heuristic Algorithms

As the above scheduling problem is known to be NP-hard [4] and because a quick
and good solution is required from a practical point of view, efficient heuristic
algorithms are developed to derive approximate solutions. In developing the
heuristic algorithms, we considered different rules from the literature and modi-
fied them to incorporate the processing times and the processor requirements of
the tasks. This resulted in 17 heuristic algorithms. An extensive computational
analysis on the average performance of these heuristic algorithms showed that
the following three heuristic algorithms outperform the others significantly.
Heuristic 1 (H1):

1. Find a sequence S by applying Johnson’s Algorithm [2] while assuming that
sizeij = mj = 1 (i = 1, 2, . . . , n and j = 1, 2).

2. Given the sequence S of the jobs, construct a schedule at stage 1 by assigning
the first unassigned job Ji in S to the earliest time slot where at least sizei1

processors are available (i = 1, 2, . . . , n).
3. As the jobs are processed and finished at stage 1 in order, schedule the jobs

to the earliest time slot at stage 2 so that neither processor requirements nor
flow-shop constraints are violated.

Heuristic 2 (H2):

1. First, sort the jobs in non-increasing order of stage 2 processor requirements.
Then, sort each group of jobs requiring the same number of processors in
non-increasing order of their stage 2 processing times. Call this sequence S.

2. Given the sequence S of the jobs, construct a schedule at stage 2 by assigning
the first unassigned job Ji in S to the earliest time slot where at least sizei2

processors are available (i = 1, 2, . . . , n).
3. Let T denote the completion time of the schedule obtained in Step 2. Starting

from T , schedule the jobs backward at stage 1 to the latest time slot so
that neither processor requirements nor flow-shop constraints are violated.
If necessary, shift the schedule to the right.
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Heuristic 3 (H3):

1. Same as in H1.
2. Same as in H2.
3. Same as in H2.

Algorithm H1 benefits from the machine environment of the problem. Since
Johnson’s algorithm was developed for two-stage flow-shop problem with clas-
sical job definitions, it might do well for the same machine environment with
MPTs. In H2, two simple rules, namely the Longest Processing Time and its
modified version, the Largest Processor Requirement, are combined to benefit
from the structure of the jobs so as to minimize the idle time at both stages.
The backward scheduling applied at stage 1 assumes that the idle time will be
minimized at stage 1 if the sequence is kept as close as to that of stage 2 starting
from the end of the schedule. H3 combines the benefits of H1 and H2.

3 Computational Study and an Application

For every MPT (i, j) of job Ji at stage j, sizeij and pij were generated from a
uniform distribution over [1, mj] and [1, 20], respectively (i = 1, 2, . . . , n and j =
1, 2). The number of jobs was selected so that n = 50, 100, 150. The number of
processors was chosen as m1 = 2m2 = 2k and m1 = m2 = 2k with k = 1, 2, 3, 4.
The first design corresponds to the actual design of the computer vision system
considered in this study [1]. In each design, for every combination of n and
(m1; m2), 25 problems were generated.

In Table 1, the Average Percentage Deviation (APD) of each heuristic solu-
tion from the lower bound is given. This deviation is defined as ((Cmax(Hl) −
LB)/LB) × 100 where Cmax(Hl) denotes the Cmax obtained by heuristic Hl,
l = 1, 2, 3, and LB is the minimum of four lower bounds used. These four lower
bounds are presented in [5]. For comparison, we also included APD results for
the First Come First Serve (FCFS) heuristic which is commonly used in lit-
erature. The computational results demonstrate that all three of the heuristic
algorithms are very effective. Although, none of the three proposed heuristics
outperforms the others, it is observed that H1 performs better than H2 and H3
in most cases. We also observe that if a large number of processors is used, the
FCFS may outperform H2 and H3. It can be seen from Table 1 that APD seems
to decrease as n increases for each heuristic algorithm. This result is expected
because as n increases, the lower bound becomes more effective. Lastly, the time
complexity of all the heuristic algorithms is O(n log n) due to the sorting step.

Now, we report the results of applying our heuristic algorithms to a multi-
layer image interpretation system [1]. In this system, a real-time aerial image
interpretation algorithm is performed in which continuous image frames are
processed by a series of algorithms. Due to real-time processing limitations, syn-
chronizing the computational throughput with the image input rate is important
so that overall run time for an image frame should be as small as possible. The
computation in this application is partitioned as low, intermediate and high level
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and distributed to a three layered system. There are three independent feature-
extraction and feature-grouping task pairs that are performed at the first and
the second layers of the system, which will be scheduled by the proposed heuris-
tic algorithms. A histogram computation (T 1) is performed at the low-level and
the analysis of object segments (T

′
1) is conducted by referring to the intensity

map obtained by T 1 at the intermediate level. Similarly, a line detection algo-
rithm (T 2) is performed to find the linear-line features and a grouping operation
(T

′
2) is performed on the extracted line segments. A right angle corner detection

algorithm (T 3) is performed first and a grouping of right angle corners (T
′
3) is

performed later to generate a list of possible rectangle candidates.

Table 1. The APD results for various machine and job parameters.

m1 = 2m2 m1 = m2

n k FCFS H1 H2 H3 FCFS H1 H2 H3

50 1 2.56 0 1.68 0 8,73 3.41 3.96 3.75
2 9.54 4.19 5.21 3.35 11.73 6.83 7.88 9.08
3 12.72 8.22 9.67 12.71 13.69 9.18 11.25 14.36
4 16.84 11.71 14.88 17.16 16.96 11.98 18.96 19.26

100 1 1 0 1.01 0 5.8 2.33 1.87 2.29
2 4.14 1.93 1.28 1.01 8.66 5.39 5.99 5.35
3 8.95 5.17 4.71 5.8 11.59 7.75 10.38 8.58
4 11.15 8.3 9.18 11.58 13.51 10.3 15.22 14.38

150 1 0.49 0 0.68 0 4.43 1.9 1.87 1.72
2 3.42 1.46 0.93 0.45 7.28 4.01 3.89 4.67
3 8.32 5.1 3.51 5.51 10.24 7.34 7.51 8.99
4 10.18 7.41 9.48 10.29 11.18 9.26 11.58 13.04

We execute our scheduling algorithms at the controller unit, which is devel-
oped particularly for task initiation, processor allocation, and inter-layer data
transmission. The controller at each layer assigns tasks from the scheduling list
by considering availability of the processors. In Table 2, processing time of each
task is presented. It should be noted that these figures do not include any control
overhead or interlayer communication cost since they were insignificant com-
pared to the execution times.

From Table 2, the optimal makespan for these three jobs will be 364.677
msec for k = 1, and 195.798 msec for k = 2 by scheduling them in T 3-T

′
3, T 1-

T
′
1, and T 2-T

′
2 order. Total execution time of the example problem is found as

384.17, 382.39, and 386.27 by H1, H2, and H3, respectively, for k = 1. Similarly,
the results are 237.12, 243.89, and 239.01 for H1, H2, and H3, respectively,
when k = 2. These show that the best approximation to the optimal solution
is obtained by heuristics H1 and H2. Total execution time is 394.048 msec for
k = 1 and 240.232 msec for k = 2 if FCFS order is used. The outcome of



Job Scheduling in a Multi-layer Vision System 321

Table 2. Experimental processing times of vision tasks on prototype system
(msec.)

Task m1 Task m2

2 4 1 2

T1 79.46 43.07 T
′
1 238.02 127.12

T2 266.42 137.17 T
′
2 15.71 13.002

T3 3.07 2.546 T
′
3 18.03 10.74

this application confirms our computational results. We can also conclude that
more significant improvements can be expected for more jobs with a variety of
processing times and processor requirements.

4 Conclusions

In this paper, job scheduling problem of vision algorithms in a multi-layer mul-
tiprocessor environment is considered. Three heuristic algorithms are presented
for the solution of the problem and their average performance is analyzed. These
scheduling algorithms are also applied to a prototype system. Overall, the results
show that all three proposed heuristic algorithms are very effective and can be
used for problems with a large number of jobs and processors.
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