


      
   

 
 

Fig. 5. MCOO produced by  SME-1. 
. 
primary avenue of approach.  Single headed arrows denote 
the secondary avenues of approach. The boxes represent 
engagement areas and the smaller boxes with lines indicate 
named areas of interest (NAIs). The results of the analysis 
completed automatically by our terrain analysis algorithms 
are shown along side in Figure 6.  The regions marked with 
an X represent engagement areas. An arrow with a solid 
head denotes the primary avenue of approach while an arrow 
with a clear head denotes the secondary avenue of approach. 
    Our analysis chose the same primary avenue of approach 
as SME-2.  This avenue of approach coincided with SME-
1’s choice as a secondary AA. This discrepancy between the 
program and SME-2’s choice of the “Eastern route” and 
SME-1’s choice of the more direct “Southern route” appears 
to lie in the SMEs’ prior command experiences.  Of the two 
paths circled in Figure 5, the one closest to the bottom of the 
map is the most canalizing.  SME-1 indicated that although 
this made the path more dangerous, the shorter path to the 
objective made the added risk acceptable.   This reasoning 
was not available to the program because path length is 
considered only indirectly through its affect on resistance in 
determining ranking.  The agreement between the program 
and SME-2 shows, however, that even its current stage of 
development our automated terrain analysis identified 
avenues of approach within the range of variation among 
human SMEs for this map.  We hope to include facilities to 
allow users to interactively adjust cost functions to express 
such value judgments in the next version of our software.  A 
solution as simple as a slide bar with safety on one end and 
speed on the other would allow the user to indicate the 
desired balance by positioning the slide bar to modify the 
weight given path length in path resistance calculations.  
 There is good correspondence between our selections of 
NAI’s with those of the SMEs. However, the SME is limited 
by the granularity of the map. A physical map cannot be 
“zoomed in” to find some feature that does not appear at the 
resolution used for printing it. Our algorithms, however, can 
calculate line of sight between engagement areas and their  

Fig 6.  Automated MCOO 
 

Figure 5 depicts the major annotations made by SME-1 on 
the MCOO overlay. The double headed arrow indicates the 
surroundings with high precision from high-resolution 
elevation data. For this reason our algorithms also produce 
more candidate NAI’s.  Of the eight NAIs identified, three 
were found by both SMEs and the program, two were 
identified jointly by SME-1 and the program, one was 
identified by both SMEs but not the program, and two 
singletons were found, one by SME-1 and the other by the 
program.  The program again fell well within the range of 
variation of the SMEs matching more of the NAIs identified 
by SME-1 then did SME-2. 
.  There is an exact correspondence between SME-1’s choice 
of engagement areas and our algorithm’s top 3 selections. 
The algorithm’s 4th selection, the closest to the bottom of 
Figure 6, is positioned slightly differently from this expert’s 
final choice. This is because our program currently tries to 
pick candidate regions for engagement areas so that they 
control as many approaches as possible. The SME realized 
that two of the three paths entering this region had already 
been covered by previous engagement area choices. This 
suggests that we should consider topology in the selection of 
candidate engagement areas. Currently topology is only 
considered for culling the candidate engagement areas.  
SME-2 chose a single engagement area that was among 
those chosen by SME-1 and the program.  The discrepancies 
in SME-2’s overlay seem to stem from an early choice of an 
extreme Eastern path as a secondary route.  Because the 
“Southern route” was not chosen, NAIs and engagement 
areas along its path were considered less closely. 
 
Tria l 2 
    The two SMEs from Trial 1 together with a third less 
experienced intelligence officer were asked to fill in MCOO 
overlays for four additional maps.  The new maps were 
selected to investigate less constraining terrains and included 
a largely featureless desert, a flat area divided by a river, and 
two mixed maps with both highly constrained regions and 

 



large open areas.  Performance and agreement were poorer 
than for the highly constrained terrain used in the first trial.  
Several SMEs commented that the desert map, in particular 
didn’t  give them anything to work with.  The desert and 
river maps caused difficulties for the program as well 
because they lacked the obstacles needed to define regions in 
the Generalized Voronoi diagram.   Although there was less 
agreement among SMEs than in Trial 1, the program’s 
MCOO diverged from the SMEs’ even more than they did 
from one another.   Agreement with the program was 
strongest for the mixed maps where program and SMEs 
agreed closely on NAIs and engagement areas within 
constrained areas of the map but diverged for more open 
areas.  In these open areas, as in the desert and river maps, 
the absence of anchoring obstacles led to identify ing 
oversized engagement areas and wrecked havoc with the 
culling algorithm which was confronted with many 
uninformative intersecting regions defined by distant 
obstacles.  Our experience with these sparser maps suggests 
that a divide and conquer strategy will be needed to 
automate IPB.  
 

FUTURE DIRECTIO NS 
 

The circuit-based analysis of movement is the key concept 
behind our approach to automating IPB.   Trial 1 
demonstrated that in well constrained terrain using obstacles 
to define a GVR can provide a model of movement 
resembling that of a human expert.  In open terrain, by 
contrast, the best path is not defined by avoiding obstacles 
but by choosing some especially low resistance path.  
Nevertheless there was substantial agreement among the 
SMEs 

DISCUSSION 
 
Our work in terrain analysis is ultimately meant to inform 
high-level information fusion.  Only by capturing the context 
within which targets are identified and tracked can we 
attribute intent to their actions and guess at what else may be 
out there that we have not yet seen.  Our early success in 
automating the MCOO process has exceeded our 
expectations and we are now extending the informal 
comparisons presented here with a full-fledged validation 
effort using a larger sample of SMEs with varying levels of 
experience and a larger collection of terrains.   
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