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ABSTRACT 
Routing congestion is a critical issue in deep submicron design 
technology and it becomes one of the most challenging problems 
in today’s design flow. This paper presents a true probabilistic 
congestion prediction method based on router's intelligence to be 
used in the placement stage of physical design flow. Experimental 
results show that for IBM-PLACE benchmarks, our prediction 
algorithm estimates the congestion more accurately than a recent 
method by about 19%. Furthermore, a new congestion reduction 
algorithm is presented which is based on contour plotting. Our 
experiments show that our algorithm reduces congestion by about 
28% on average. In addition, comparing our results with a recent 
approach shows that our reduction technique reduces congestion 
more by about 13%. 

Categories and Subject Descriptors 
B.7.2 [Hardware, Integrated Circuits, Design Aids]: Layout, 
Placement and Routing. 

General Terms 
Algorithms, Design, Experimentation. 

Keywords 
Physical Design, Placement, Routability, Congestion. 

1. INTRODUCTION 
As the VLSI fabrication enters the deep submicron era, the design 
becomes larger and more congested. In such situations, 
communications among components have significantly increased 
and global routing becomes more and more difficult. Therefore, 
routing can take a long time to complete or it may even fail. In 
other words, design routability and routing congestion are major 
concerns with today's design flow.  

If a design becomes unroutable, the designer can expand the 
design area and the physical design process is performed again. 
However, there is no guarantee that this would solve the problem. 
Therefore, congestion analysis and removal techniques are 
required in the earlier phases of the physical design process such 
as placement. 

 
This paper presents a stochastic closed loop congestion estimation 
algorithm for a placed netlist based on router's behavior. 
Furthermore, an efficient congestion reduction technique is 
proposed which is based on contour plotting. The rest of the paper 
is organized as follows: in Section 2, definition of terms is 
presented. Previous works are reviewed in Section 3. Next, we 
describe our congestion prediction and congestion reduction 
methods in Section 4 and Section 5, respectively. Experimental 
results are presented in Section 6 and finally, Section 7 concludes 
the paper. 

2. DEFINITIONS 
The design is assumed to be divided into several rectangular 
regions by using an n*m grid. Each of these regions is called a 
global bin. The boundaries of each global bin are called global 
bin edges or global edges. In order to estimate routing congestion, 
a routing estimator such as a bounding box (BBox) router must be 
used in the placement stage. BBox routing is a method for 
estimating the routing path of a net based on the minimum 
bounding rectangle which encompasses all terminals of the net.  

3. PREVIOUS WORK 
In order to analyze and minimize routing congestion during 
placement, several algorithms have been proposed in the past 
years. The authors of [1] use Rent’s Rule to estimate the peak 
congestion value and regional congestions on the chip. In [2], a 
mathematical equation was used to predict the overflow within a 
region using a normal distribution approximation. Some other 
algorithms used a routing estimation model to predict routing 
congestion during placement [3]-[8]. These algorithms differ 
mainly in the way they model routing estimation. There are two 
different routing estimation approaches in the placement stage, 
namely empirical estimators and stochastic estimators. In [3], an 
empirical parameter is introduced and used as a weight in a 
bounding box router. Lou et al. propose a net-based stochastic 
uniform routing distribution model to compute the expected track 
usage and developed an algorithm for congestion estimation [5]. 
In [7], the authors modified Lou's algorithm with calibration data 
and used it for wirelength estimation. In [8], it was shown that the 
number of two-pin nets with more than two bends in actual 
routers is negligible. 

Several authors proposed algorithms to reduce congestion in the 
placement stage. The authors of [4] used the strategy of cell 
inflation to eliminate routing congestion. In [9], it was shown how 
quadratic placement can be modified to avoid routing problems. 
There have also been experiments where congestion was used in 
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the cost function of simulated annealing-based placement 
algorithms ([3], [10], and [11]), but the authors of [12] showed 
that this approach does not lead to improvement in routability. 
They observed that wirelength minimization followed by local 
modification for congestion reduction was better than direct 
congestion optimization. Based on this observation, they proposed 
a post-processing approach which optimizes wirelength in the first 
step and then uses local modifications to remove congested 
regions. This approach was followed by [13] where an 
incremental placement algorithm was presented for improving 
local congestion. The authors of [14] proposed a congestion 
reduction technique to avoid routability problems in a single run 
of the placement algorithm. 

3.1 Theoretical Analysis 
Methods which use BBox model for routing estimation constrain 
the router to use box boundaries for routing estimation. 
Obviously, these methods are used for simplicity and the results in 
[10] show that these models fail to match with real routers’ 
behavior. Using probabilistic distribution for routing estimation 
can also fail to match with real routers’ behavior because it does 
not model routers’ preference for via minimization [7], [8]. 

Most recent methods for congestion prediction use guided 
probabilistic methods. The authors of [7] obtained the bend 
distributions after detailed routing for five industry test cases and 
used them to guide the probabilistic method. They approximated 
these distributions with a Log-Normal formula which had a 
layout-dependent parameter η. They used a fixed value for this 
parameter but this simplification led to about 30% error on the 
average. We extracted bend distributions after detailed routing for 
IBM-PLACE benchmarks [16] and used them to guide our 
algorithm. In this section, the theoretical analysis of the previous 
methods is shown. 

The previous algorithms differ mainly in their methods of using 
routing resources and routing multi-terminal nets. Let the 
terminals of a 2-terminal net be located on the corner of a 4*4 
grid. Suppose we use the BBox router and Lou's model as routing 
models. Furthermore, assume that for each bin, routing congestion 
is calculated as the summation of routing usage over its horizontal 
and vertical edges. Figure 1 shows the congestion distribution for 
BBox (a) and Lou's models (c). The resulted congestion maps are 
shown in Figure 1.b and Figure 1.d, respectively. A congestion 
map visually plots the congestion in the design by assigning 
different colors to different congestion levels (A darker color 
means higher congestion level). As shown in this figure, these two 
models behave differently for congestion prediction. Because the 
BBox model does not match with routers’ behavior and uses the 
boundary bins for routing, the congestion value of each central 
bin is zero in this model. 

In order to compare Lou's model with the model in [7], a more 
complex example must be considered. Suppose two 2-terminal 
nets, as shown in Figure 2, are routed using these two models. In 
this figure, dark circles represent the terminals of one net and the 
shaded circles show terminals of the other net. The congestion 
distributions using Lou's model and the model in [7] are shown in 
Figure 2.a. and Figure 2.c. and their congestion maps are shown 
in Figure 2.b. and Figure 2.d, respectively. Because the Lou's 
model does not consider routers’ behavior for via minimization, 

the congestion value of each central bin in this model is more than 
the equivalent bin in the other model. 

 

 
Figure 1. Routing estimation using BBox router (a), its 

congestion map (b), Lou's model (c), its congestion map (d) 

 
Figure 2. Routing estimation using Lou's model (a), its 

congestion map (b), model in [7] (c), its congestion map (d) 
 

4. OUR ESTIMATION MODEL 
In the next sections, our congestion estimation model is presented.  

4.1 Probabilistic Model 
In this discussion, it is assumed that no wires are detoured. We 
will return to the routing blockage issue in Section 4.4 after 
presenting our prediction method. Table 1 shows the notations 
used in this section. 

Table 1. Notations used in our algorithm 

Notation Description 
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track (x,y). If no v is specified, all possible paths 
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Based on Table 1, the following equations can be observed: 
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Lemma: The number of v-bend paths from bin (i,j) to bin (n,m) 
which start with a horizontal /vertical track is: 
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Theorem: The number of v-bend paths from bin (i,j) to bin (n,m) 
which pass through the horizontal track (x,y) is: 
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Because of the page limit, the proofs were omitted. Based on the 
theorem, the following equations can be obtained: 
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The previous equations show the probabilities of using a 
horizontal track. Similar results can be obtained for a vertical 
track by replacing j with i and m with n. Using these equations, 
we can estimate the probability of passing a v-bend path from a 
terminal at bin (i,j) to the other terminal at bin (n,m) which passes 
through the specific track (x,y). We decompose a multi-terminal 
net to a set of two terminal nets using a minimum spanning tree 
algorithm, such as Kruskal algorithm [17]. 

4.2 Closed Loop Method 
In order to guide our algorithm, we extracted the bend distribution 
after detailed routing for IBM-PLACE benchmarks. The 
specifications of these benchmarks and the average of bend 

distribution are shown in Table 2 and Table 3, respectively. From 
the results of Table 3, our closed loop routing estimation model 
can be expressed as follows. Similar results can be obtained for 
the vertical track (x,y). 
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Table 2. Tested circuits' statistics 

Benchmark #cells #Nets grids #bins 
IBM01 12282 11507 58*105 6090 

IBM02 19321 18429 130*110 14300 

IBM07 45135 44394 206*175 36050 

IBM08 50977 47944 197*167 32899 

IBM09 51746 50393 200*185 37000 

 
Table 3. Average of bend distribution of point-to-point 

connections (two-terminal nets) 

Number of Bends (%) 
 

1 2 3 4 5 

Average 29 37 19 10 5 

4.3 Congestion Estimation Algorithm 
Congestion reduction is an important goal for global routing. 
Hadsell and Madden showed that if global routers use amplified 
congestion estimation to influence a rip-up and reroute approach, 
they would achieve substantial reduction in total congestion and 
wirelength [15]. The authors of [10] stated that it is not important 
which router model is used in the final routing stage. What is 
important is to use the same routing model in the placement and 
in the final routing stage. Therefore, the behavior of routing 
estimation model must be modified to reflect the behavior of the 
global router. In order to present our routing estimation model, 
the following definitions are required: 

Definition 1: The routing demand for a track is its routing 
congestion value and is shown by Ct. 

Definition 2: Router's Intelligence Factor (Fr) is a router-
dependent factor that forces a rip-up and reroute method to avoid 
using the most congested regions as much as possible. 

Definition 3: Track Congestion Threshold (Tc) is a track-
dependent value which is equal to its routing capacity. A track 
with a routing demand above Tc is a congested track. 

Definition 4: Congestion Avoidance Threshold (Ta) is a threshold 
value less than Tc. A track with a routing demand equal to Ta is 
not congested but it needs more attention. 

Definition 5: A track with a routing demand equal to Ct 
(Ta<Ct<Tc) is selected with a probability of Pr and rejected with 
(1-Pr) in a rip-up and reroute process. Pr is called rip-up and 
reroute factor which depends on Fr. 

Based on these definitions, our true congestion estimation model 
which considers router's behavior is described as follows: Most 
global routers use a rip-up and reroute method when they face 
congested tracks. Our congestion estimation algorithm uses this 
model. When a track with a routing demand less than Ta is 
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selected to route a new net, its routing demand is increased for 
this net. However, when its routing demand reaches Ta, this 
routing path is selected with a probability of Pr and rejected with 
(1-Pr). Experimental results show that our congestion prediction 
method predicts the congestion more accurately as shown in 
Section 6. In the next subsection, we first introduce the routing 
blockage effects in congestion prediction and then propose an 
efficient congestion reduction technique which is based on 
contour plotting in Section 5. 

4.4 Routing Blockage 
The parts of a layer which cannot be used for routing are called 
routing blockages. In order to present an accurate congestion 
prediction model, routing blockages must also be considered 
during prediction. There are two types of routing blockages, 
namely partial and complete as defined in [5]. Although partial 
routing blockages can be easily modeled by reducing the routing 
capacity of the bins, complete routing blockages require special 
considerations for congestion prediction model. Depending on the 
locations of blocked bins in the grid, the blockage model may be 
different. Consider simple isolated blocked bins as shown in 
Figure 3. Because these bins have no routing resources, their 
routing demands must be distributed among their neighboring 
bins with a neighboring distance D. 

 
Figure 3. Simple isolated blocked bins 

Based on the previous Theorem, the number of all possible paths 
from bin (i,j) to bin (n,m) which pass through the 
horizontal/vertical track in bin (x,y) can be computed using the 
following equation. If a bin is blocked, its routing demand is 
distributed among its neighboring bins based on the model in [5]. 
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5. OUR REDUCTION TECHNIQUE 
Algorithms which reduce congestion by a post-placement process 
use a wirelength-optimized placement as an input and try to 
reduce congestion in the congested regions by local modifications 
[2]. This can be done in three steps, namely congested region 
detection, region expansion and local congestion reduction. 

5.1 Congested Region Detection  
Conventional algorithms used for congestion region detection 
assume that all of the congested bins in the congestion map form 
the core of the congested regions and the shape of these regions 
are restricted to rectangular. They use a minimum bounding 
rectangular region of a set of connected congested bins as one 
congested spot. 

The algorithm for congested region detection presented in this 
paper uses contour plotting. A contour plot is a set of level curves 
of different heights for a function of two variables. A level curve 
of height h for a function f(x,y) is the set of all points (x,y) such 
that f(x,y) = h. For a well-behaved function, a level curve is 
typically one or more simple closed curves. There are a number of 
methods to draw contour plots but almost all of them approximate 
the coordinates of a finite number of points on a level curve and 
plot a curve that fits these points. Contour plotting algorithms are 
reviewed in [18]. 
We use six congestion levels in our contour plotting process 
which are used during reduction phase. Furthermore, rectilinear 
shapes are used in our reduction algorithm. Figure 4 illustrates the 
use of contour plotting algorithm for congested region detections. 
Figure 4.a shows the bins’ congestion levels using contour 
plotting method. In this figure, closed curves show the bins with 
the same congestion levels and darker curves represent more 
congested bins. Figure 4.b shows our congested region detection 
results based on Figure 4.a. Comparing these figures shows that 
Figure 4.a is a rectilinear version of Figure 4.b where a bin is the 
minimum measurement unit. In this figure, bins with equal 
congestion levels are shaded with the same shading level. 

 
Figure 4. . (a) The bins congestion level using contour plotting 
method for ibm02 benchmark, and (b) our congested region 

detection for ibm02 benchmark  

5.2 Congested Region Expansion 
Local optimization in each region starts with finding the 
expansion regions around the congested spots. The conventional 
expansion technique can produce overlapped congested regions 
which may only shift the congestion from one region to another 
without being able to remove it. The authors of [19] proposed an 
algorithm which uses ILP (Integer Linear Programming) to avoid 
overlaps among regions. This algorithm proposes two expansion 
regions A0 and A1 (A1>A0) for each congested region and selects 
the one which minimizes the overlap between expansion regions. 
Our expansion region algorithm is base on contour plotting 
technique. In this way, the shape of the congested regions can be 
rectilinear for bin selection. After congested spot detection, the 
minimum bounding rectangle is found and the expansion area is 
selected using the algorithm in [2]. For each expansion region, the 
bins that do not belong to any expansion region are marked as the 
candidates for expansion and are used during the congestion 
reduction phase. This method is illustrated in Figure 5. Figure 5.a 
shows two connected congested bins which form the congested 
regions. For each region, the minimum bounding rectangle and 
the rectangular expansion area are marked. Furthermore, the bins 
in the rectangular expansion area are checked and selected if they 
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do not belong to any other expansion regions. Other bins are 
distributed among expansion regions based on the number of 
congested bins in each region. In other words, regions which have 
more congested bins get more bins in order to distribute routing 
congestion uniformly. The result is shown in Figure 5.b. By using 
our method for region expansion, the overlap between expansion 
areas is removed. 

           
                             (a)                                 (b) 

Figure 5. Our region expansion method 

5.3 Congestion Reduction 
The final step in congestion reduction is local modification. The 
authors of [2], [10], and [11] used a random greedy method for 
congestion optimization which changes the position of two cells 
within the expansion region, now called the congestion reduction 
regions , if it results in a reduction in congestion. We use a 
simulated annealing algorithm to do it. Furthermore, the presented 
method for congested spot detection is used during congestion 
reduction stage. As stated in Section 5.1, six congestion levels are 
used in our contour plotting algorithm for congestion reduction. 
Consider two different reduction regions as shown in Figure 6. 
Figure 6.a shows a case where the bins in the reduction regions 
have the same congestion levels. On the other hand, Figure 6.b 
shows a case where the bins in reduction area have different 
congestion levels. The previous algorithms do not take this 
difference into account. In other words, the cells within the bins 
with congestion level n may move into the bins with congestion 
level n-1 or the bins with congestion level n-2 with the same 
probability. This algorithm was modified so that the cells in 
congested bins move to the less congested bins with higher 
probability. In other words, if both bin i with congestion level ci 
and bin j with congestion level cj (ci<cj) can accept cells with the 
same congestion cost reduction, our algorithm moves the cells to 
bin i such that the congestion can distribute more uniformly. 
Furthermore, we avoid using bins which can be congested by 
future movements. The experiments show that our congestion 
reduction algorithm distributes the congestion more uniformly. 

                
                            (a)                                   (b) 

Figure 6. Two different congestion reduction regions for our 
algorithm 

6. Experimental Results 
In the next subsections the experimental results for congestion 
prediction and reduction algorithms are presented. 

6.1 Prediction Algorithm 
The proposed algorithm in Section 4 was implemented in C++. 
The circuits were chosen from IBM-PLACE benchmarks as 
shown in Table 2. For each circuit, we chose a placed netlist and 
used it for congestion prediction based on both our model and the 
model in [7]. Then, we used a post-routing congestion analysis in 
order to verify these models. We used Cadence® Wroute router 
for our post-routing analysis. Table 4 shows the experimental 
results. For each circuit, we present the percentage of bins that 
have no error (0), below 10% error (<10) and below 20% error 
(<20) comparing with the congestion of bins after detailed 
routing. As shown in Table 4, our algorithm predicts the existence 
of congestion better than the model in [7] in 19% of bins (72.6% 
versus 53.4%). In order to show the error rate in the misestimation 
of congestion in the rest of the bins, we set the acceptable error 
rate to 10%. In this case, our algorithm again performed better 
than [7] (89.4% versus 80.4% in [7]). For 20% and larger error 
rate, both methods perform almost equally well. We chose 
Ta=0.8Tc and Pr=0.88 for our experiments. 
 

Table 4. Congestion prediction results using presented model 
and the model in [7] 

 Our Model Model in [7] 
Benchmark 0 <10 <20 0 <10 <20 

IBM01 62 84 98 53 80 98 

IBM02 70 88 98 49 79 99 

IBM07 75 93 99 52 80 100 

IBM08 68 88 98 43 73 98 

IBM09 88 94 99 70 90 100 

Average 72.6 89.4 98.4 53.4 80.4 99 

 
6.2Reduction Algorithm 
The presented algorithm in Section 5 was implemented in C++ 
and the experiments were done on an Intel Pentium IV 2.4GHz 
computer with 1GB memory. We compared our experimental 
results with the results in [13]. Therefore, the test circuits, the 
initial placer and the grid size were selected as stated in [13]. We 
chose five IBM-PLACE benchmarks [16] and placed them by a 
wirelength-driven placer, called Dragon [20]. Then, we processed 
the layout to minimize the routing congestion using our 
congestion reduction algorithm. In order to evaluate the quality of 
the results, the total wirelength and the peak overflow before and 
after the reduction phase were compared. The well-known 
placement utilities in [21] were used for the experiments. 
Table 5 shows our results for maximum overflow and total 
wirelength. In this table, BIP/AIP represents before/after 
congestion reduction and Inc. and Dec. show the percentage of 
increase in total wirelength and the percentage of decrease in 
overflow, respectively. As shown in, the peak overflow is 
decreased by about 28% compared to the initial placement. 
Furthermore, the average reduction in the overflow shows that our 
congestion reduction algorithm reduces the maximum overflow 
more than the algorithm in [13] by about 13% (28.02 versus 15.48 
in [13]). As shown in this table, the total wirelength is increased 
less than 0.3% compared to the initial placement. The experiments 
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show that the runtime of our algorithm is about 26 second on 
average. 

Table 5. Our experimental results for peak overflow and total 
wirelength 

overflow Wirelength (m) 
circuit 

BIP AIP Dec. BIP AIP Inc. 

IBM01 154 101 -34.4 5.178 5.201 +0.44 

IBM02 568 511 -10.03 14.666 14.672 +0.03 

IBM03 422 325 -22.98 12.420 12.448 +0.22 

IBM04 348 208 -40.22 15.493 15.494 +0.01 

IBM05 563 380 -32.50 39.810 40.103 +0.73 

Average  -28.02  0.29 

 
For some circuits, the amount of reduction in overflow metric is 
more than others. Our analysis showed that the reduction areas for 
these circuits have many regions with bins with different 
congestion levels and as a result, our algorithm is much more 
efficient than other algorithms. In addition, we analyzed the 
distribution of congestion in the non-congested bins. Because of 
the page limit, the experimental results are not shown here. 
However, the experiments show that our congestion reduction 
algorithm distributes congestion evenly. 

7. CONCLUSION 
In this paper, we presented a true congestion prediction method 
which is based on router’s intelligence. This algorithm is based on 
the supply and demand analysis of routing resources where the 
demand for routing resources is predicted using probabilistic 
analysis guided by routers preference for via minimization and 
congestion optimizations. Additionally, an efficient congestion 
reduction algorithm based on the contour plotting technique was 
presented. We proposed new methods for congested region 
detection and congestion reduction. In addition, the conventional 
local optimization technique was modified to make more 
intelligent decisions during optimizations. Experimental results 
demonstrate the effectiveness of the new methods. 
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