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  Abstract 

Unmanned Aerial Vehicles (UAVs) equipped with electro-optical sensors, e.g. 

visual and infrared cameras, are increasingly used in military, security and search 

and rescue contexts. Lately, active (laser) sensors have emerged as powerful 

imaging devices, combining accurate and high-resolution three-dimensional 

measurements with night-time capabilities. The increasing availability of active 

sensors raises important human factors’ questions, e.g. regarding what spatial 

resolution is required for users to recognize objects. This paper describes the 

outcome of a study of the relation between resolution of 3-D data and the possibility 

for humans to recognize different objects. We designed an experiment where the 

participants watched video sequences from a simulated UAV-mounted LIDAR 

(Light detection and ranging) sensor. Participants had to recognize vehicles of 

different types and point resolution, and to report their confidence level. The main 

conclusion is that about 100 points on the vehicles are required for users to 

recognize vehicles with a distinct shape or with no other vehicles of the same type. 

For recognizing a vehicle among others of similar appearance and size about 1000 

points is required. The results show that the recognition ability deteriorates with 

lower number of points but that the variations between different vehicles are large. 

The results also show that at low resolutions participants become more precarious 

(lower confidence estimations) and take longer time to respond. 

  Background 

Recognizing people, vehicles and objects is an important task in many civil and 

military contexts. Often electro-optical sensors, such as visual and infrared cameras, 

are used to facilitate the work (Schueler & Woody, 1992). Significant advances have 

been made recently in automatic object recognition, enabled by break-through in 

computational and sensor technology and fuelled by applications in robotics, the 

automotive industry and consumer electronics. Automatic solutions are required 

when actions have to be taken very quickly or when the amount of data is too much 

for humans to process. However, in many applications a human operator is better 

suited to make decisions, e.g. in order to get acceptable performance or for legal 

reasons. 

In this work, we consider the case of using an Unmanned Aerial Vehicle (UAV) to 

collect sensor data for reconnaissance purposes. UAVs allow for exploring larger 

areas compared to using ground vehicle-mounted sensors (Fahlström & Gleason, 
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2012; Grönwall, Tolt, Lif, Larsson, Bissmarck, Tulldahl, Henriksson, Wikberg, & 

Thorstensson, 2015). Without the restrictions of platform movement imposed by 

ground properties, the UAV offers advantages in terms of viewing certain areas from 

different angles, thereby providing a more complete data set.  

A typical task could be to search for a vehicle (or person) or to ensure that there are 

no vehicles (or people) within an area. In the first task it is necessary to find a 

specific vehicle, while in the second task it is sufficient to find any vehicle. Overall, 

it is not always clear what seeing a person or object means. In research it is 

necessary to define the situation and task to analyse human performance in different 

settings. One way to analyse observers’ ability to perform visual tasks is to use the 

Johnson criteria (Donohue, 1991; Johnson & Wolfe, 1985; Sjaardema, Smith, & 

Birch, 2015), which is often used by scientists who study the capability of sensors. 

An important differentiation is made between detection (an object is present), 

orientation (direction of the present object), recognition (type of object can be 

discerned, e.g. recognize the difference between a human and car) and identification 

(a specific object can be discerned, e.g. type of car or identify a specific person) 

(Pinsky, Levin, Yaron, & Schuberth, 2016. 

The Johnson criteria propose in detail how many pixels (originally line-pairs) an 

object needs to contain to make the classification possible. Other criteria, such as the 

National Interpretability Rating Scales (NIIRS) (Irvine, 1997; NIIRS, 2017) could 

also be used to measure the quality of images and performance of imaging systems 

that has scales for visible, radar, infrared and multispectral stimuli (NIIRS, 2017). 

NIIRS is used to assign a number (level 1-9) which indicates interpretability of an 

image. However, often these measurements (e.g. Johnson criteria and NIIRS) do not 

provide reliable and valid results since they do not take into account user variability. 

Therefore, experiments with naïve and expert users are necessary. Also, there are a 

variety of other factors that must be considered, e.g. contrast between objects and 

background, atmospheric disturbances, number of objects in the picture, light, 

contextual clues, colour, and type of optics in the sensor. Moreover, performance is 

affected by resolution, type of task, the experience of the participants and their level 

of training for the specific task, motivation, and the relative importance between 

quick decisions and correct results. In order to assess and evaluate a specific sensor 

in a specific setting, it is recommended to conduct experiments with users.  

In this study a three-dimensional laser sensor that generates point clouds was in 

focus (Grönwall, Tolt, Lif, Larsson, Bissmarck, Tulldahl, Henriksson, Wikberg & 

Thorstensson, 2015; Isa & Lazoglu, 2017; Lif, Tolt, Larsson & Lagebrant, 2016). 

The point clouds consist of enormous amount of data in three-dimensions that are 

hard to handle for users and to handle these large quantities methods must be 

developed, preferable automatic methods (Hron & Halounová, 2015; Waldhauser, 

Hochreiter, Opteka, Pfeifer, Ghuffar, Korzeniowska & Wagner, 2008). If handled 

correct, these point cloud can help users recognize objects. However, it is hard to 

recognize objects from static point clouds, but if you twist and turn the cloud or look 

at a video sequence it is significantly easier to interpret the information. Even if the 

user cannot see the real object, dynamic point clouds can give some understanding 

of what is seen. This knowledge originated in the discoveries about biological 
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motion found by the Swedish researcher Gunnar Johansson in the 1970s (1973). He 

discovered that by presenting only a few light points placed on the body's joints a 

person that performed activities could be recognized (Johansson, 1973, 1975). In 

biological motion, a few points can be used because they are placed on the body's 

joints, but how many points that are needed to detect, recognize and identify a three-

dimensional vehicle when the points are randomly distributed over the vehicle is 

unclear.  

The purpose with the current experiment is to investigate how many points in a point 

cloud are required for vehicle recognition in a dynamic setting. This information can 

be used to increase the understanding of which objects that can be detected with a 

specific three-dimensional laser sensor at a given distance. 

Method 

A laboratory experiment was conducted to investigate the ability to recognize 

vehicles presented in the form of point clouds with different resolution. The 

participants were given the task to watch video sequences and recognize which of 

ten different vehicles was visualized. The participants also estimated how confident 

they were at their response on a scale from 0% to 100% in steps of 10%. Their 

response time (RT) was also registered. 

  Design 

A within-group design with four resolutions × five vehicles was conducted in two 

experiments, with different vehicles and different resolutions for each experiment. 

Each vehicle was presented four times for each resolution for each participant, and 

based on this; a mean value was calculated and used in the subsequent analysis. The 

experiments were conducted so that the participants did not experience two separate 

experiments. This meant that the participants recognized each stimulus from ten 

possible vehicles. 

  Participants  

Twelve participants (three women and nine men) participated in the experiment. All 

had adequate vision with or without correction. 

  Apparatus 

The video sequences were presented on a 21.5 inch widescreen display (Dell SX 

2210) with a resolution of 1920 × 1080 pixels. A PC with Windows 7, Intel® 

Core™ 2 Duo processor with 3 GHz and 4 GB of RAM was used to register answers 

and measuring response time. 

  Stimuli 

Synthetic video sequences were generated for ten vehicles (Figure 1) by a sensor 

simulation system to simulate a real situation captured by a 3-D imaging laser 

system. Point clouds with different resolutions were generated along a predefined 
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path in a straight line along the road where the vehicles were located, 50 meter to the 

right and at 50 meter above the ground (Figure 2). Data were filtered into four 

different resolutions for each vehicle. There were five civilian vehicles (Volvo V70, 

Vera Cruz, Toyota pickup, minibus and Isuzu Truck) and five military vehicles 

(Leopard 122, Combat vehicle 90,   Ural truck, Patria Sisu and Galten). To give the 

reader an understanding of the vehicles presented in the videosequences a high 

resolution example is depicted in Figure 1.   

 

Figure 1. High resolution example of Leopard 122. 

Each vehicle was dynamically presented where a simulated unmanned aerial vehicle 

flew in an arc around the current vehicle for five seconds according to Figure 2. The 

flight always started by visualizing the front of the vehicle and ending when the 

position was from the side of the vehicle. 

 

Figure 2. Flightpath and camera orientation from simulated UAV in an arc from vehicle front 

to vehicle side during five seconds. 
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The simulations were performed using a combination of tools. First, the laser scans 

obtained from the UAV motion (see above) was acquired by simulation, by ray 

casting towards surface models of the vehicles, and a surrounding, quite flat road 

segment. Then, the obtained, dense 3D point image was down sampled by a filter, 

resulting in uniform point clouds at desired resolutions. No noise was added in the 

simulation in order to keep the number of parameters in the experiment tractable.  

Five of the ten vehicles were used in experiment 1 while the remaining five vehicles 

were used in experiment 2. Refer to Table 1 for details about resolution and actual 

number of points for each vehicle at different resolutions. 

Table 1. Vehicles, their belonging to experiment, and resolution indicated in points/m2 (*) and 

total number of points (**) for each vehicle for the different resolutions. 

Experiment 1 

Vehicle type Resolution 1 Resolution 2 Resolution 3 Resolution 4 

Galten 6.3*/309** 1.6*/84** 0.7*/23** 0.3*/9** 

Leopard 6.3*/509** 1.6*/101** 0.7*/58** 0.3*/13** 

Patria 6.3*/324** 1.6*/83** 0.7*/36** 0.3*/8** 

Toyota 

Pickup 

6.3*/225** 1.6*/62** 0.7*/18** 0.3*/7** 

Vera Cruz 6.3*/160** 1.6*/42** 0.7*/15** 0.3*/6** 

Experiment 2 

Vehicle type Resolution 1 Resolution 2 Resolution 3 Resolution 4 

Isuzu truck 25.0*/309** 2.8*/144** 1.0*/63** 0.4*/20** 

Minibus 25.0*/785** 2.8*/92** 1.0*/23** 0.4*/10** 

Combat        

vehicle 90 

25.0*/1196** 2.8*/123** 1.0*/49** 0.4*/17** 

Ural truck 25.0*/1385** 2.8*/166** 1.0*/69** 0.4*/21** 

Volvo V70 25.0*/564** 2.8*/74** 1.0*/14** 0.4*/8** 

  

  Procedure 

After welcoming the participants individually and briefing them about the 

experiment purpose and procedure they received written information and had the 

opportunity to ask questions to the experiment leader. Then an introduction was 

given to make sure that the participants were familiar with the situation and test 

material. They were introduced to the stimuli material during five minutes of 

training. The participants watched the videos and answered by first pressing the 

space button whereby the response time (RT) was recorded, then selecting one of the 

ten vehicles (recognition) and finally stating how confident they were (Figure 3).  
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Figure 3. Response window with selection of vehicle and confidence estimation. 

Participants were instructed to give priority to answering correctly over fast 

responses. Since the task was mentally demanding the experiment was divided into 

six separate blocks of five minutes each with the possibility to rest in-between 

blocks. The order of the conditions for both experiments was randomized to avoid 

training effects. This means that the participants did not perceive the experiments as 

separate parts but as one experiment. The whole procedure took about 40 minutes to 

complete. No feedback was given to the participants during the experiment. 

  Results 

The results include statistical analysis of recognition, confidence estimation and 

response time. Data were analysed with a two-way ANOVA (Hays, 1994) with 

resolution × type of vehicle. Tukey HSD were used for post hoc testing (Green & 

D’Oliviera, 1982). Data from experiment 1 and 2 were analysed separately. Notice 

the non-linear scale of the x-axis (all figures), which was a necessary compromise to 

make the figures readable.  

  Experiment 1 

Four resolutions were used (6.3, 1.6, 0.7 & 0.3 points/m
2
) for five different vehicles 

(Galten, Leopard 122, Patria, Toyota pickup and Vera Cruz). Average values were 

calculated for each participant for each condition. 

  Recognition 

The ability to recognize vehicles was measured by the proportion of correct answers 

and the analysis was performed by an ANOVA repeated measures. The results show 

a main effect for type of resolution F(3, 33) = 24.52, p < .001 and type of vehicle 

F(4, 44) = 18.29, p < .001, and a significant interaction effect between resolution 

and vehicle F(12, 132) = 4.69, p < .001 (Figure 4). 
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Figure 4. Mean and standard error of mean for proportion recognized vehicles. 

Tukey post hoc test shows a significant difference (from the main effect of 

resolution) between 1.6 and 0.7 points/m
2
 (p< .001). There is also a significant 

difference (from the main effect of vehicle) showing that the ability to recognize 

Vera Cruz was significant lower than the other vehicles (p< .05) and the ability to 

recognize Leopard 122 was significant higher than Toyota pickup and Vera Cruz. 

The post hoc test from the interaction effect between resolution and vehicle shows 

that there were no significant differences between vehicles at 6.3 and 1.6 points/m
2
. 

However, at 0.7 and 0.3 points/m
2
 the recognition is significant lower for Vera Cruz 

than for the other vehicles (p< .001). At 0.7 points/m
2
 the recognition is significant 

higher for Leopard 122 than for the other vehicles (p< .01) and significant higher 

than for four of the five vehicles (not for Galten) at 0.3 points/m
2 
(p< .01).  

  Confidence estimation 

The participants’ confidence (0-100% confident) was measured and the mean values 

were used for analysis and performed with ANOVA repeated measures. The results 

shows a main effect for type of resolution F(3, 33) = 114.01, p < .001 and type of 

vehicle F(4, 44) = 53.31, p < .001, and a significant interaction effect between 

resolution and vehicle F(12, 132) = 16.78, p < .001 (Figure 5). 
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Figure 5. Mean and standard error of mean for confidence estimations. 

Tukey post hoc test show a significant difference (from the main effect of 

resolution) between each resolution where the participants’ confidence decreases 

with decreasing resolution (p< .05). The confidence estimation for Leopard 122 is 

stable for all resolutions (above 90%), but confidence estimations for the other 

vehicles drastically drops from the highest to the lowest resolution.  

  Response time 

The participants’ response times were measured and the mean values used for 

analysis and performed with ANOVA repeated measures. The results showed a main 

effect for type of resolution F(3, 33) = 137,25, p < .001 and type of vehicle F(4, 44) 

= 113,51, p < .001, and a significant interaction effect between resolution and 

vehicle F(12, 132) = 13.16, p < .001 (Figure 6). 
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Figure 6. Mean and standard error of mean for response time. 

 

  Experiment 2 

Four resolutions were used (25.0, 2.8, 1.0 & 0.4 points/m
2
) for five vehicles (Isuzu 

truck, Minibus, Combat vehicle 90, Ural truck & Volvo V70). Average values were 

calculated for each participant for each condition. 

  Recognition 

The ability to recognize vehicles was measured by proportion correct answers and 

analysis was performed by ANOVA repeated measures. The results show a main 

effect for type of resolution F(3, 33) = 63.0, p < .001 and type of vehicle F(4, 44) = 

17.72, p < .001, and a significant interaction effect between resolution and vehicle 

F(12, 132) = 5.80, p < .001 (Figure 7). 
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Figure 7. Mean and standard error of mean for proportion recognized vehicles. 

 
Tukey post hoc test showed a statistical difference (from main effect of resolution) 

between 25.0, 2.8 and 1.0 points/m
2
 (p< .001). There was also a significant 

difference (from main effect of vehicle) that showed that the ability to recognize the 

minibus and Volvo V70 was lower than the other three vehicles (p< .05). Also, the 

ability to recognize Combat vehicle 90 was higher than the other vehicles (p < .05). 

The analysis of the interaction effect shows that the ability to recognize the Ural 

truck gets significant lower between 2.8 and 1.0 points/m
2
, and also between 1.0 and 

0.4 points/m
2
 (p< .001), and for Isuzu truck between 2.8 and 1.0 points/m

2
 (p< .001). 

A similar decrease in ability to recognize the minibus and Volvo V70 occurs 

between 25.0 and 2.8 points/m
2
 (p< .05). 

 
  Confidence estimation 

The participants’ confidence (0-100% confident) was measured and the mean values 

were used for analysis and performed with ANOVA repeated measures. The results 

show a main effect for type of resolution F(3, 33) = 155.84, p < .001 and type of 

vehicle F(4, 44) = 75.99, p < .001, and a significant interaction effect between 

resolution and vehicle F(12, 132) = 6.53, p < .001 (Figure 8).  
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Figure 8. Mean and standard error of mean for confidence estimations. 

Tukey post hoc test shows a significant difference (from the main effect of 

resolution) between each resolution where the participants’ confidence decreases 

with decreasing resolution (p< .001). Even though there are differences between 

vehicles, the overall trend is similar. 

  Response time 

The participants’ response time was measured and the mean values used for analysis 

and performed with ANOVA repeated measures. The results show a main effect for 

type of resolution F(3, 33) = 50.83, p < .001 and type of vehicle F(4, 44) = 28.65, p 

< .001, and a significant interaction effect between resolution and vehicle F(12, 132) 

= 7.24, p < .001 (Figure 9).  
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Figure 9. Mean and standard error of mean for response time. 

Tukey post hoc test shows a statistical difference between the three highest 

resolutions (p< .001) where response time increases with decreasing resolution. The 

response time varies between vehicles, but at 25 points/m
2
 participants respond 

faster for Isuzu truck and Combat Vehicle 90 than for the other three vehicles (p< 

.005). 

 

  Discussion and conclusions 

The purpose of this study was to investigate the ability to recognize vehicles 

presented in the form of point clouds with different resolution (0.3-25.0 points/m
2
). 

The results clearly show that the ability to recognize vehicles deteriorates when the 

number of points in the point cloud decreases, but the variation between vehicles is 

high. The results also show that the participants become more uncertain (lower 

confidence estimation) and that they take longer time to respond (RT) the lower the 

resolution is. 

The ability to recognize vehicles is depending on whether the vehicle has a 

distinctive look and how many other vehicles that has similar appearance. Leopard 

122 was the easiest vehicle to recognize and even at a resolution of 0.3 points/m
2
 

participants recognized over 95% of the vehicles with confidence estimations over 

95%. This is a remarkably high and probably due to the fact that Leopard 122 is the 

only vehicle with a distinct gun barrel. This result should therefore be interpreted 

with caution, because in a context of multiple vehicles with barrels it would 

probably be much harder to recognize this vehicle. Recognition for 90% correct or 
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higher requires a resolution of about six points/m
2
 when the vehicle has a 

characteristic appearance or if there are no vehicles of similar appearance. To 

recognize vehicles with similar appearance (e.g. Volvo V70 and Vera Cruz) 25 

points/m
2
 are required to get a 90% correct or higher classification. Since the 

purpose of this experiment was to investigate how many points are required for 

vehicle recognition, the results were also analysed relative to the number of actual 

points (instead of points/m
2
) for each vehicle and each resolution. By analysing all 

the mean values of the vehicles where the participants had 90% correct or higher, the 

following conclusions were drawn for a rule-of-thumb; 

1) Approximately 100 points on the vehicle/object/target are required to 

recognize vehicles that have a characteristic appearance or do not have 

other vehicles that are similar. 

2) Approximately 1000 points on the vehicle/object/target are required to 

recognize vehicles when there are similar vehicles (such as multiple 

civil vehicles of similar appearance and size). 

In practical operational terms, this means that about 1000 points are needed to 

recognize vehicles in situations where there are similar vehicles. Especially in civil 

environments, there are many different similar vehicle models that make recognition 

and identification problematic. Even though the number of vehicle models is fewer 

in military environments, many of the vehicles have similar appearance that makes 

recognition problematic. These conclusions apply provided that information comes 

from a mobile platform like an unmanned aerial vehicle and that video sequences or 

other similar dynamic information is presented for the users. Stationary visualisation 

of vehicles probably requires significantly more points than a dynamic visualization 

as in this experiment. Numbers given from this experiment should be considered as 

approximate values (100 and 1000 points for vehicle recognition as stated above) 

since it will vary depending on the vehicle type and the number of similar vehicles. 

Also, this experiment should be repeated with other vehicles and possibly different 

resolutions. 

Although this study gives a good idea of how many points that are required to 

recognize different vehicles, many questions remain unanswered. One such example 

is to investigate the number of points required for identification rather than 

recognition and another example is how to visualize point clouds to increase realism 

and thereby possibly improve participants’ performance. Many other factors, such as 

sensor noise and partial occlusion of the target, should also be taken into account in 

future experiments. It would also be interesting to investigate how different design 

tools affect participants' performance, such as a grid on the ground to facilitate the 

understanding of size. 
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