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Abstract: Scene understanding is a core prerequisite for robots’ autonomous
decision-making. However, real-world application faces challenges like
understanding unknown, unstructured twisting paths in field environments.
Traditional methods using 3D point clouds or multi-sensor fusion are energy-
intensive and computationally expensive, making them laborious for resource-
limited field robots. Inspired by the global precedence effect (GPE)—the
phenomenon that humans perceive global stimuli preferentially, aiding
understanding of multiple zigzag paths—we present a method using only a
monocular camera to understand unstructured twisting paths. We extracted
improved edge-based lines. Multiple curves were formed by grouping lines based
on proximity and continuity, inspired by GPE. By analyzing curve orientations,
twisted zigzag paths can be reshaped and twist direction estimated, providing
decision basis for robot autonomous navigation. Unlike deep learning algorithms,
our method is highly interpretable without prior training or camera internal
parameters. It has low energy consumption and low investment, requiring no
external equipment. Pure geometric reasoning contributes to robustness under
lighting variations and various colors. Pixel-wise classification accuracy was
compared with ground truth. Experimental results show the method successfully
elucidates unstructured twisting paths, providing navigation-relevant scene
interpretation in field environments.
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1. Introduction

Autonomous decision-making in robots relies on robust 3D scene understanding. However, interpreting
unknown, unstructured twisting paths in field environments remains a challenging problem. Computational,
memory and energy resources on field robots are very limited, so low-power, low-complexity twisting path
understanding algorithms are more suitable for applications on resource-constrained field robots.

Traditional methods based on 3D point clouds or multiple sensors have high energy consumption, high cost,
and low efficiency, which greatly hinder their application in the acquisition and processing of information on the
mobile side of field scenes with variable environments. In contrast, the use of low-cost monocular cameras,
combined with computational methods inspired by human cognitive mechanisms, is more advantageous in
understanding the scene in terms of consumption and efficiency, and is also more applicable to field environments.
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Humans are more inclined to perceive global information when stimuli from the external environment are
present, which is known as the global precedence effect (GPE). It is indicated that eccentricity and size are the
main determinants of the GPE [1,2]. When the stimulus was displayed at a peripheral location, relative size was
probably the prime determinant of global advantage and interference. Although the whole of a stimulus is
composed of parts, global stimulus information has a higher visual priority. Trackable visual cues from natural
stimuli are more useful for understanding a 3D scene and have advantages in terms of energy consumption and
efficiency compared to 3D point clouds or fused sensor approaches [3]. The human visual system can fully and
efficiently utilize fragmented stimulus cues to analyze the relative geometric relationships between different
stimuli and thus infer their spatial organization. This cognitive mechanism contributes to our understanding of
twisting paths in wild environments. It should be clarified that our use of the GPE is conceptual rather than
computational. We do not implement a neural or psychophysical model of GPE; rather, we take inspiration from
the phenomenon to justify why grouping fragmented lines into global curves—based on proximity and
continuity—is a reasonable strategy for understanding twisting paths in field environments.

As shown in the Figure 1, unlike structured indoor and urban scenes, there are a wide variety of road surfaces
in wilderness environments, such as grass, sand, ice, snow, and muddy pavement, resulting in unstructured,
intermittent, and blurred road boundaries [4]. In addition, the ever-changing lighting and colors in natural
environments make most edges fragmented and disorganized, which poses a significant obstacle to understanding
unstructured twisting paths in wilderness environments.

Figure 1. A twisting pathway in field environment.

In this study, we present a methodology to understand unstructured twisting pathways through a low-cost
monocular camera without prior training. First improved edge-based lines are detected. Inspired by perceptual
global precedence effect, multiple curved lines, made up of a number of lines that follow local grouping principles
such as proximity and continuity, are formed. Based on geometric inferences of curved lines, twisting surfaces of
unstructured pathways are reshaped and corresponding orientations are estimated, which helps to understand an
unstructured twisting pathway.

For machine learning methods, it requires a large amount of labeled data and pre-training, and thus requires
the support of powerful computational resources, such as high-performance graphics processors (GPUs) and high-
capacity storage devices, which greatly hinders the fusion of the physical space of the scene with the information
space. Unlike deep learning-based methods, no prior training is needed. Furthermore, the low-cost algorithm can
process the captures without knowledge of the camera’s intrinsic parameters nor of precise depth. Pure geometric
inferences endow the proposed method reliable robustness against varying illumination and colors, enabling more
stable understanding of field environment.

The main contributions of this work are threefold:

(1) We establish a systematic mapping from the two core properties of the global precedence effect—global
advantage and global interference—to a two-stage curve extraction pipeline (candidate generation and
refinement), providing a cognitively grounded alternative to purely heuristic line grouping.

(2) We propose a training-free, calibration-free geometric framework that not only segments path surfaces but
also estimates their spatial orientation, providing richer navigation-relevant information than binary
segmentation alone.
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(3) Unlike parametric curve-fitting or learning-based methods, our approach jointly recovers boundaries and
orientation from monocular input without camera intrinsics or pre-training, offering a lightweight alternative
for field robotics.

The percentage of pixels that were evaluated through comparing estimated twisting pathways to the ground
truth. Experimental results demonstrated that the proposed methodology can successfully understand field twisting
pathways and has promising application prospects in energy consumption and computational efficiency.

2. Related Work

Many approaches for reconstructing scenes were introduced like SFM [5] and visual SLAM [6]. A tracking
model was introduced to address the problem of occlusions within large groups of featureless objects through 3D
point clouds [7]. However, 3D point cloud-based methods are very energy intensive and appear to be helpless
when considering geometric cues such as edges, textures and surfaces.

The detection of roads has been the top priority of automatic driving research. Segmenting the curves by lane
line detection is the more widely researched approach. Among the methods in recent years, there are [8] based on
real-time lane detection, where the region of interest (ROI) is input and the inverse IPM is applied to get the output
stream. There are also methods [9] and point cloud extraction methods [10] that use RANSAC to recognise lane
models and estimate selected lane patterns. Also, a deep neural network called LaneNet is used for lane detection
[11]. However, these methods, which lack cognitive mechanisms, have difficulty understanding unstructured
multiple zigzag pavements due to the disruptive clutter of the field environment.

Semantic segmentation is a more widespread road segmentation method in recent years. Geometric
segmentation were introduced for diverse structured environments such as indoor and urban scenes [12].
Viswanath proposed an off-road semantic segmentation (OFFSEG) framework [13], which employs widely
adopted deep learning backbones for merge-class semantic segmentation and incorporates a colour segmentation
method to enhance scene understanding. Ding et al. proposes a multi-class probability pyramid as a representation
built on top of pixel-level semantic scene labels [14]. This representation unravels the variations in scene semantics
across resolutions by controlling the granularity of the local semantic information to form a region-level
abstraction. Metzger’s performance of modern semantic segmentation models has also been evaluated, especially
their segmentation efficiency [15], and their experiments demonstrated the advantages of finegrained semantic
classes in improving the overall prediction accuracy, and used Boundary Jaccard (BJ) score with IoU as the
evaluation criteria. The success of neural networks in image classification has fuelled the development of neural
networks dedicated to semantic image segmentation, such as FCN [16], SegNet [17], PSPNet [18] and DeepLabv3
[19]. As a result, the researchers have also shared test datasets dedicated to semantic segmentation [20-22], which
include urbanised roads as well as unstructured roads. However, these data-driven methods are prone to failure
due to a lack of estimating unstructured surfaces of twisted pathways.

There is also a widely used segmentation method for curves in roads is the curve fitting method. There are
curve recognition algorithms [23] based on straight curve models through machine learning [24], which can obtain
the mathematical equations of the straight line model by using the improved Hough variation, and build the curve
model based on the continuity of the lane lines as well as the tangent relationship between the straight line model
and the curve model. The curve fitting method is used to achieve the detection and recognition of straight and
curved lanes. Similarly Kasyap has based on the Hough transform [25], from which the bicurve fitting technique
required for interpolating paths is adopted. Pure geometric models were established to detect the walkable floor
but they rely on accurate vanishing points [26]. Galimova has worked out an MPC based path tracking control
algorithm for road trains [27], which proposes a prediction model and a formula for calculating the reference state
and control formulas for the inputs. However, these methods cannot account for the geometric orientation of
unstructured surfaces with multiple curved paths.

In addition to most of the algorithms studied, road detection has also been performed by other methods. Based
on other hardware aspects, Dai has processed the turning manoeuvres of vehicles in curved road sections by
combining the CTR (Constant Turn Rate) model with the UKF (Unscented Kalman Filter) algorithm through
smartphone sensors [28] for high-precision estimation of vehicle motions. There is also curve trajectory prediction
based on vehicle infrastructure co-operation [29], road marking and road edge mapping using an inverse visual
detector model [30], and an inverse sensor model that takes into account the spatial error of the line feature detector
is proposed. There is also lane change detection using visual odometer trajectory curves [31] with cumulative and
curve-fitting methods for visual odometer curves. Mei has also developed an off-road detection method using a
monocular camera [32], but it cannot parse the orientation information of unstructured twisting paths.
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Since most methods are designed for scene understanding of structured paths and require prior training, it is
necessary to propose a method capable of understanding unstructured twisting paths with higher efficiency and
lower energy consumption through pure geometric modeling and without prior training and external devices,
which can meet the requirements for efficient autonomous navigation of robots in the field.

3. Materials and Methods

Twisting paths in wild environments invariably encounter unexpected materials, as well as varying variations
in light and color, resulting in fragmented and scattered edges. However, there are still traceable geometric clues.
These fragmented configurations follow the grouping principle in terms of proximity and continuity, and can form
global curves with high visual priority that help us understand these twisting paths in the wild.

3.1. Overview

Figure 2 shows an overview of the method. For monocular input, the graph is first augmented using a
logarithmic transformation. The original graph is then segmented and binarized using the maximum interclass
variance method. Based on the extracted lines, a connected domain algorithm is designed to present connected
lines and extract the corresponding information of long curves. Finally, the surface composed of eligible long lines
is reshaped and the twisting paths are understood.

exclusion

prescribed
threshold

Segmentatien -
Line Detection g
ong line refi
'y
»> |f (stop-start)>mat distance >
Judgingthe other two lines

Figure 2. Our system architecture. The input is a monocular capture. Improved edge-based lines are extracted.
Through extracting global precedence-based curves, it is possible to understand a twisting pathway including

approximating its orientation in field environment.

3.2. Improved Edge-Based Lines

Unstructured curved roads have complex and diverse interferences. Edge is a more stable cognitive clue than
color and texture in understanding a scene. Applying an improved edge map to realize high-level vision tasks is
of vital importance. Using the road part and the interference part beyond the edge has a large gray difference, we
can divide the image into target and background according to the gray value, find the inter-class variance each
time, assign the largest to the variable, and then extract to get the improved scene lines. For an unexpected field
environment, as shown in Figure 1, the plants on the roadside and the shadow light on the ground appear to be
burdensome on extracting edge and lines; hence, it is necessary to design a component to improve line extraction.

We refer to our approach as Logarithmic Otsu to distinguish it from standard Otsu thresholding. The Otsu
algorithm itself is not modified; the improvement lies in the preprocessing stage: a logarithmic transformation is
applied to the input image, I' = ¢ -log(1 + I), where c is a scaling constant (set to 255/log(256) for 8-bit
images). This non-linear mapping expands low-intensity variations and compresses high-intensity ranges. This
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preprocessing improves the inter-class variance separability under uneven illumination conditions, enabling the
standard Otsu method to produce more stable and reliable binary segmentation in field environments.

Based on the principle of maximum interclass variance method, the improved Otsu was used to determine the
threshold of binarised segmentation of the capture. Accordingly, the foreground and background images have the
maximum interclass variance. It divides the image into two parts, background and foreground, according to the grey
scale characteristics. Because the variance is a measure of the uniformity of the grey scale distribution, the larger the
inter-class variance between the background and the foreground, the larger the difference between the two parts of
the image. When part of the foreground is wrongly divided into the background or part of the background is wrongly
divided into the foreground, the difference between the two parts becoming smaller. Therefore, the segmentation with
the largest interclass variance implies the smallest probability of misclassification.

The Otsu threshold is determined by maximizing the inter-class variance, which minimizes misclassification
probability. To reduce the sensitivity of threshold selection to varying illumination, we apply a logarithmic
transformation prior to Otsu, expanding low-intensity details while compressing high-intensity ranges. The
original image and the processed image are shown in Figure 3.

o

Figure 3. Top row: Input image. Bottom row: logarithmic transformed image.

Assuming that there exists a threshold TH to divide all the pixels into two classes C; (less than TH) and C,
(greater than TH), the following is defined:

Z?:oi Pi
m =—=—— (1
! Z?:opi
L-1
i=k+1! " Di
m,=———m—— 2
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where m; and m, are the mean values of the two classes of pixels C; and C,, respectively. Then the
probability of a pixel being divided into the different classes can be defined as follows:

p1= Zk:pi 3)
i=0

po=1-p; “4)

where p; and p, are the probabilities of a pixel being divided into class C; and Cj, respectively. For the global
mean of the image, it is defined as follows:
L-1

mG=Zi-pi (5)

i=0
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m=ii-pi (6)
i=0

where mg is the global mean of the image. m is the cumulative mean up to grey level k.

Accordingly, it is possible to find that the maximised grey level k is the threshold of the Otsu method, and
the following can be defined:

2 _ (mg - py —m)? )
p1(1—p1)
where o2 represents the expression of inter-class variance.

After the logarithmic transformation, the range of grey level parameters that need to be adjusted by the inter-
class variance algorithm will then become smaller. The final effect obtained through the inter-class variance
algorithm is shown in Figure 4. Thus, those edges from some of the shadows and background plants can be
eliminated, and more stable edges are extracted. Based on the refined edges, corresponding lines can be extracted
[33] as follows:

line; = [x}, v}, x7,¥71 = [pl, p?l.i € [1,N] (8)

where N is the number of lines, and lines are shown in Figure 4.

Figure 4. (Left): interclass variance algorithm for preprocessing segmentation of bends and background maps.
(Right) : extracted.

We acknowledge that global thresholding methods, including Otsu, can be challenged by non-uniform
illumination and strong localized shadows common in field environments. However, the logarithmic
transformation applied prior to thresholding compresses the dynamic range of high-intensity variations while
expanding low-intensity details, which effectively reduces the intra-class variance caused by uneven illumination.
This preprocessing step improves the separability of the path region from its surroundings under a variety of
lighting conditions. In scenes where the inter-class variance fails to produce a clear bimodal distribution—such as
extremely low-contrast or uniformly shadowed surfaces—the method may underperform; these failure cases are
discussed in Section 5.3.

3.3. Curve Extraction Inspired by Global Precedence Effect

We translate the two core properties of GPE into algorithmic stages: global advantage guides the generation
of curve candidates (Section 3.3.1), while global interference suppression motivates the refinement
process (Section 3.3.2).

3.3.1. Curve Candidates

Inspired by the brain’s cognitive mechanism global precedence effect, lines that follow grouping principles
such as proximity and continuity tend to form a global curve, which has a higher visual priority in the human visual
system. Therefore, we design a connected component algorithm to gain the ability to organize lines meaningfully
and extract global curves quickly like humans.

A whole curve can be seen as a combination of a group of lines, so it is important to obtain the first two lines
of a curve, which can be defined as follows:

1y = MIN(d(pf, p)),1,j € [LN],a,b € 1,2 ©)
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where y; ; is the proximity of each two lines line; and line;. d is the function to compute Euclidean distance
between points. A smaller u;; represents better proximity. Here, we rank the first two-lines combinations
according to the y;; value. It is obvious that the top-ranked combinations of better proximity are more likely to
be a start of a curve.

Furthermore, a group of lines in a whole curve also have a good continuity, which can be defined as follows:

2 _ 1 Z_ yl
{;; =l arctan (le — y11> — arctan <y]2 y]1> I (10)

Xj T X

l 2

where i,j € [1,N], and a smaller {;; represents a smoother continuity of line; and line;.
In this way, the first two lines of a curve can be extracted as follows:

Ci,j = [linei,linej],i,j € [1, N] (11)

s.t.Min ‘Ll.l'j,MiIl (i,j (12)

where ¢; ; represents a start which has the potential to be a whole curve. Then its two points that are further from
the intersection can be defined as follows:

f m i i i,j

pl =1p! +—(— 13
CEPET R \aGr el ()
f m J J iJj
s 2\d@ el (19

where pif and pf are two points further from pg ; (that is the intersection of two lines), respectively. p;" and
pj* are midpoints; [; and [; are length of line; and line;, respectively.

In order to determine the next line (liney) that can be combined into the c; ;, the sequent grouping can be
similarly defined as follows:

Mk = MIN(d (o], o), (0!, p¥)), i, k € [1,N],w € 1,2 (15)
f_ . f 2 1
Yi =Y Y — Vi
. ix =l arctan | Z—— | — arct
{ij =l arc an( jf — le> arctan (x,% — x,%) | (16)

where p; j, and {; ;. represent the value of proximity and continuity for line, and c; ;, respectively. Then, a
sequent group can be described as follows:

curve = [ci‘j,linek],i,j,k € [1,N] (17)

s.t.Min ,Llij,Mil’l (i’j,Mil'l ,ui,j‘k,Min (i,j,k (18)

where curve represents a combination with increased number of lines. Meanwhile, if line, is selected to be a
component, it is listed in a tabu table, which means it will not be selected again in later loop. Thus, it is possible to
extract a curve. Finally, a number of curves are extracted by repeating in this way, which can be described as follows:

C = {curves,;},s € S (19)

where curves, is an extracted curve, and S represents the number of extracted curves.
The refinement score for a curve candidate C;, is defined as:

S(Cx) = wy, - L(Ci) + wyy - W(C) + wy - Hy(C) (20)

where Lg, W;, and H, are normalized length, width, and height of the curve’s bounding box. The weights are
empirically set to w; = 0.5, wy, = 0.3, wy = 0.2. Curves with S(C,) > 75 (t3 = 0.6 in all experiments) are
retained. The top S* = 20 curves are retained as refined global curves.

The thresholds used in our experiments are as follows. For proximity grouping (y; j), we set an upper bound
of 50 pixels—Ilines with endpoint distances exceeding this value are not considered for grouping. For continuity
(€i,j), we set a threshold of 30 degrees—Tlines with angular differences exceeding this value are rejected. These
thresholds were determined empirically on a validation subset of the TAS500 dataset and were kept fixed across
all datasets and experiments (TAS500, CurveLanes, FDWW, and Cityscapes) without per-dataset tuning. The tabu
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table ensures that each line is assigned to at most one curve, preventing duplicate usage. The grouping process
terminates when no remaining line satisfies both the proximity and continuity thresholds.
Accordingly, all the extracted curves are shown in left image in Figure 5.

k‘%”\“ﬂ!” \ﬁ/;\g_w/:\ '/xlq/

e

/)

Figure 5. (Left): Curves extraction inspired by global precedence effect. Through grouping lines that follow
proximity and continuity, a number of global whole curves are shaped, which has a higher visual priority to be
perceived. (Right): Refined global curves. A number of global whole curves with higher parameters can be refined.
3.3.2. Refinement
An extracted curve curves,, which consists of a number of lines, can also be described as follows:
curvesg = {linesg,},t €T 21

where T represents the number of lines in the curves;. linesg, isalinein curvess. Then, itis possible to acquire
the corresponding parameters, e.g., length, width and height, which can be defined as follows:

T
Ly= Y E(liness,),t €T (22)

t=1
VVS =| MAX(Xcurvess) - MIN(Xcurvess) I (23)
Hs =| MAX(YCurvess) - MIN(YCurvess) I (24)

where E is function to calculate the length of a line. Xoyes, and Youryes, are x and y coordinates in a curve.

Ly, Wy and Hg are the length, width and height of the curvess, respectively. Accordingly, parameters for all
curves can be shown in Figure 6.
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Figure 6. Parameters of global curves. (Left): length. (Middle): height. (Right): width. The horizontal axis shows
the number of curve candidates, and the vertical axis shows their length, height and width. These parameters help
us refine the global curves.

It is obvious that a global whole curve of higher parameters has higher visual priority to be perceived.
Therefore, curve candidates can be refined by follows:

C* = {curves+},s* € S* (25)

s.t MAX(L); MAX(W,); MAX(Hy); (26)
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where C* are refined global curves, and S* represents the number of refined global curves, with the result shown
in right image in Figure 5.

3.4. Twisting Surfaces

Since a twisting pathway may conclude more than one refined curve, it is imperative to determine the
boundaries of surfaces.

Regarding refined global curves, it is necessary to approximate their surfaces, which helps to understand such
twisting pathways. Assuming that the refined curves are described as follows:

C* = {linesy} = [X¢+, Y], 5" € S” 27)

where X+« and Y+ are x and y coordinates in C*, respectively.
Then the following can be found:

B, = (I(line, lines,)} = (Xg, .Yz, .} (28)

where n* € [MIN(Y;+),MAX(Y;-)]. line, = [0,1",W,n"] is an assumed virtual line in which W is the width
of the image. linesg+ is line in the refined curves C*. For each horizontal scan line at y =n”, we find the
intersection points with the refined curves and take the leftmost and rightmost intersections as the estimated

boundary points for that row, thereby reconstructing the complete path surface. I' is a function to calculate the
intersection of two lines, while B,- represents a set of the intersections corresponds to n*. Then it is possible to

determine the boundary points by formulating the follows:

By = {(MIN(Xs,.),¥s, .} 29)

By = {MAX(X5 ), Y5 .} (30)

where B%* and Bg* are two approximated boundaries, such as blue and yellow curves shown in left image in

Figure 7. Finally, twisting surfaces can be segmented with results shown in right image in Figure 7.

Figure 7. (Left): Approximated boundaries. Blue and yellow curves are estimated boundaries for B}]* and B;*,

respectively. (Right): Twisting surfaces. Through approximating boundaries in the refined curves, twisting surfaces
can be estimated.

3.5. Orientation

Modeling surface orientations and adjusting directions to accomplish navigation based on knowledge of
curved path surfaces is critical for autonomous robots. Since it is difficult to obtain the exact depth of a path from
a single image, traceable visual cues from refined global curves can help us understand the direction.

To compute the derivative f for orientation inference, we apply a Savitzky—Golay filter (window size = 11,
polynomial order = 3) to the X By and YBn* sequences before differentiation. This smoothing step reduces noise

caused by irregular boundaries and outlier points. The derivative is then computed using central differences on the
smoothed sequence. If the smoothed sequences of both MIN(X Bn*) and MAX(X Bn*) exhibit the same sign of

derivative (both negative or both positive) over a contiguous region of at least 10 rows, we classify that region as
a left or right turn, respectively. This prevents false detections from local fluctuations. We ranked the points in

B;* and Bs* according to the value YBn*’ respectively, with corresponding value of MIN(X Bn*) (color in blue)

and MAX(X Bn*) (color in yellow) shown in Figure 8.
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Figure 8. Orientation inference. (Left): MIN(X, Bn*) (color in blue) and MAX(X Bn*) (color in yellow). (Right):
YBW*' With decreasing YBn*’ it is possible to infer the orientation through a similar variation of MIN(X Bn*) and
MAX(X Bn*)' It demonstrated that this pathway will turn left, and then turn right later.

Then, it is possible to infer the orientation through infer the corresponding X value as shown in Table 1.

Table 1. Orientation decision.

Condition 1 Condition 2 ABn*
f(MIN(XBn*)) <0 f(MAX(XBn*)) <0 left
f(MIN(XBn*)) >0 f(MAX(XBn*)) >0 right

Here f represents the derivative, and ABn* represents left and right turn, respectively. When MIN(X Bn*)

(color in blue) and MAX(X Bn*) (color in yellow) have a similar variation, which can be considered as:
f(MIN(Xg,.)) <0, f(MAX(Xp,.)) <O (31)
or
fMIN(Xp, ) > 0, f(MAX(X, .)) > 0, (32)

the orientation of pathway can be approximated. As shown in Figure 8, since there are both f(MIN(X Bn*)) <0
and f(MAX(X, Bn*)) < 0, this pathway is going to turn left. Then, because there are both f(MIN(X Bn*)) >0
and f(MAX(X, Bn*)) > 0 later, the pathway will turn right later.

Currently, the orientation estimation is demonstrated through qualitative examples (Figure 8) that show the
method’s ability to infer turning directions (left/right) consistently across diverse scenes. A more systematic
quantitative evaluation with ground-truth orientation annotations is a direction we plan to pursue in future work,
which would provide numerical metrics such as mean angular error and classification accuracy.

4. Experimental Results
4.1. Experimental Architecture

In this study, we present a geometric model that utilizes a low-cost monocular camera to understand various
twisting paths. Since the model does not require accurate depth data or any prior training, the experiments were
performed on a computer with an Intel Core i5-11400 2.70 GHz CPU and 16 GB of RAM, with no additional high-
performance GPU.

4.2. Datasets

Diverse datasets have been established to understand scenes, like widespread KITTI [34] and Cityscapes [35]
datasets, both of which are structured city driving datasets; the outside unstructured environment (e.g., TAS500
[15], FDWW [36], RUGD [37] and CurveLanes [38]). They contain a variety of unstructured path and road scenes
with various lighting conditions such as daytime and nighttime, as well as additional disturbances such as tunnels,
rain and unexpected decorations. The presented approach aims to understand unstructured twisting paths in field
environments; therefore, the TAS500 [15], FDWW [36] and Curve Lanes [38] datasets concluding a mass of
various field ways were adopted to assess the effectiveness of the proposed methodology.

For evaluation, we selected images from each dataset based on the following criteria: (1) the presence of a
clear, twisting or curved path; (2) diverse surface materials (gravel, dirt, grass, cobblestone); and (3) varied lighting
conditions (day/night, shadow/sun). From TAS500 [15], we used the full test split (640 images). From CurveLanes
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[38], we selected 500 images containing unstructured road segments. From FDWW [36], we selected 350 images
from the field pathway category. All reported examples are representative of the full test set—the results in Figures
9-12 show typical outputs across the dataset.

4.3. Evaluation

We note that direct comparison between a binary path extraction method and multi-class semantic
segmentation networks involves inherent task differences. The proposed method outputs a single-class (path vs.
non-path) binary map, whereas deep learning baselines perform multi-class pixel-wise classification. To provide
a more equitable basis for comparison, we report only the binary path segmentation performance for deep learning
methods (collapsing all non-path classes into background). The comparison is intended to illustrate the relative
performance of a lightweight, training-free geometric approach against resource-intensive learning-based
methods. The reported results for competing methods were reproduced under the same test protocol using publicly
available pre-trained weights.

4.3.1. Metrics

We used the mean Boundary Jaccard (mBJ) and mean Intersection over Union (mlIoU) for evaluation metric.

L, where TP, FP, and FN are the
TP+FP+FN

numbers of true positive, false positive, and false negative pixels, respectively. In the definition of BJ,, the
complete binary image of class ¢ is denoted as Sy, in the prediction and Sg; in the ground truth. The pixels on
the binary image boundary are denoted as By, in the prediction and Bg; in the ground truth. We calculate the
distance from the ground truth binary image boundary Bg, to the predicted class image Sy. The border threshold

For mloU, it calculates the correctly classified pixels, i.e., IoU =

6 specifies the distance (in pixels) from the respective border (here 8 = 8 and 6 = 12). The total number of
true positives is calculated as TP, = TPﬁgt + TPﬁps. Finally, the false negatives are calculated as FN, =| By |

—TP,§pS, and the false positives are calculated as FFP, =| By | —TP,§9 .-The BJ measure for class ¢ is based on
the Jaccard index equation:
TP,

Bj,=——— %
Je =T ¥ FN, ¥ FP.

(33)
where TP, FP,and FN are the numbers of true positive, false positive, and false negative pixels, respectively.
Similar to the IoU metric, the BJ metric is greater than zero if there is any overlap between the predicted
segmentation map of the class and the ground truth map.

4.3.2. Results

We conducted experiments on the TAS500 dataset [15]. Regarding an unstructured way, as shown in Figure
9, the estimated twisting surfaces were compared to the ground truth, and the percentage of pixels that were
correctly classified were measured, as shown in Table 2. For all datasets, the evaluation was performed using the
same boundary threshold (6 = 12 for our method and 6 = 8 for deep learning methods, consistent with the
original TAS500 evaluation protocol). Input images were processed at their native resolutions without resizing for
our method; deep learning results were obtained using the resolutions reported in their respective papers.

Table 2. Evaluation on twisting pathways on TAS500 [15]. Our method was compared against many algorithms
including SQNet [39], ERFNet [40], ENet [41], LinkNet [39] and Fast-SCNN [42]. Note: Deep learning results are
obtained using publicly available pre-trained weights and evaluated under the same protocol. GPU memory values
are shown for reference only and do not represent a direct hardware comparison due to different memory allocation
mechanisms (VRAM vs. RAM).

Method Resolution 0 Video Memory mBJ mloU
SQNet 1024 x 512 8 24(GB) 63.46% 57.64%
ERFNet 1024 x 512 8 12(GB) 61.49% 59.42%
ENet 1024 x 512 8 11(GB) 64.49% 51.35%
LinkNet 1024 x 512 8 12(GB) 66.34% 57.04%
Fast-SCNN 2026 x 620 12 12(GB) 62.98% 53.00%
Our method 1500 x 459 12 4(GB) 76.61% 81.27%

The unstructured surfaces is mostly composed of gravel and is uneven with cluttered edges caused by
unexpected vegetation, rainwater, and other factors. The deep learning-based methods require GPU devices of higher
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performance. However, our method demonstrates competitive performance in understanding various field curved
pathways while relying solely on CPU-based computation and requiring no pre-training, as shown in Figure 10.

M- 2NN
-D-(«" ‘H’ \H{.j?\;’/

Q[M N
= — = e —

)

Figure 9. Understanding a field twisting pathway. (Top left): input pathway [15]. (Top right): ground truth.
(Bottom left): Curves inspired by global precedence effect. (Bottom right): our understanding. Compared to the
ground truth, unstructured twisting surfaces can be understood.

Figure 10. Results on the TAS500 [15]. First/third row: diverse pathways. Second/fourth row: our understanding.
Our method can successfully understand the curved pathways in field environment.

Unstructured roads from the CurveLanes dataset [38] were also measured. Comparing the estimated pathway
to the ground truth, the evaluated percentage is shown in Table 3. For various unstructured roads with changing
illumination (e.g., day and night) and unexpected disturbance (e.g., fences and trees), as shown in Figure 11, the
proposed method is able to understand both the straight roads and curved ways in such unstructured environments.

Table 3. Evaluation on unstructured ways on CurveLanes dataset [38].

Method Resolution 0 mBJ mloU
Our method 1244 x 700 12 72.69% 78.03%

In addition, the proposed algorithm was performed on the FDWW dataset (field pathway category) [36], with
experimental results shown in Table 4.

Table 4. Evaluation on field twisting pathways on FDWW dataset [36].

Method Resolution 0 mBJ mloU
Our method 1244 x 700 12 73.39% 81.89%
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For diverse off-road curved pathways, especially twisting pathways paved by unstructured materials such as
cobblestones and rocks, our method can also successfully understand them without prior training, as shown
in Figure 12.

Figure 11. Experimental results on CurveLanes dataset [38]. First/third row: unstructured roads. Second/fourth
row: our understanding. Obviously, both the straight roads and curved ways are understood.

Figure 12. Experimental results on FDWW dataset [36]. First/third row: twisting pathways. Second/fourth row:

our understanding. Diverse twisting pathways, especially S-shaped pathways paved by unstructured cobblestones
and rocks, can also be understood effectively.

4.4. Complexity

The method is based on geometric reasoning. For all detected lines (N), a single connection can be viewed
as the meeting of two endpoints, i.e., the synthesis of two lines, and thus its corresponding time complexity is
O(N?). For curve candidates, the pathway surface segmentation depends on the number of refined curves Ny, and
the time complexity is O(NZ2logN) + O(Ng). Therefore, for the different number of extracted lines N, the
complexity is O(N2log N). The method is based on geometric reasoning. For all detected lines (N), the curve
grouping step follows a two-stage process. The curve candidate generation stage identifies initial line pairs with a
complexity of O(N?). The subsequent curve connection stage iteratively extends each candidate curve by searching
for the best-matching line among the remaining set, leading to an overall complexity of O(N? log N). In practice,
for the datasets tested in this work, the number of detected lines N typically ranges from 50 to 400, depending on
scene clutter and texture density. Within this range, the curve grouping step completes in a reasonable time on a
standard CPU. For highly cluttered scenes where N exceeds 1000, the quadratic complexity may become a
bottleneck; this is acknowledged as a limitation in Section 5.3.
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4.5. Ablation Study

To evaluate the contribution of each key component in our proposed pipeline, we conducted a systematic
ablation study on the TAS500 test set (640 images). Starting from the full method, we sequentially removed each
component while keeping all other settings unchanged. Performance was measured using mean Intersection over
Union (mloU) and mean Boundary Jaccard (mBJ). The results are summarized in Table 5.

Table 5. Ablation study results on the TAS500 [15] dataset. Note: “w/0” stands for “without”.

Configuration mloU mBJ
Full method 81.27% 76.61%
w/o logarithmic transformation 73.45% 68.32%
w/0 proximity grouping 65.18% 61.07%
w/0 continuity grouping 68.93% 64.15%
w/o curve refinement 76.42% 71.88%
w/o surface modeling 62.11% 58.44%

The ablation results confirm that each component contributes meaningfully to the overall performance.
Surface modeling provides the largest contribution: removing it causes a drop of 19.16 percentage points in mloU,
indicating that simple boundary filling is insufficient for recovering complete path surfaces. Proximity grouping
ranks second with a 16.09 percentage point drop, confirming that initial curve candidate quality is critical.
Continuity grouping contributes 12.34 percentage points, demonstrating the importance of smooth curve extension
for path integrity. The logarithmic transformation contributes 7.82 percentage points, with its effect being more
pronounced under uneven illumination. Curve refinement provides the smallest but still positive contribution of
4.85 percentage points, helping to filter out spurious non-path curves. Overall, the complete pipeline integrates
these components in a complementary manner, achieving the best performance on the TAS500 benchmark.

5. Discussion
5.1. Comparison

We distinguish three levels of capability for field robot perception: (1) Path segmentation: binary
classification of image pixels into path vs. non-path regions. (2) Path understanding: beyond segmentation, this
level recovers geometric properties of the path, including surface orientation, width variation, and curvature
profile. (3) Navigation readiness: the integration of path understanding with motion planning, obstacle avoidance,
and robot control to enable autonomous traversal. Our method operates at levels (1) and (2), providing both binary
path maps and spatially varying orientation estimates. Level (3) integration is left for future work.

Comparative experiments are conducted on TASS500 dataset [15], and the results are shown in Figure 13.

Figure 13. Experimental comparisons on TAS500 [15]. First column: off-road scenes. Second column: ground

truth. Third column: Metzger’s method. Fourth column: our understanding. Our algorithm can understand field
ways with various curved shape (e.g., second row).

To evaluate the generalization ability of our method on structured roads, we perform more comparisons on
the Cityscape dataset [35], as shown in Figure 14. Romera implements semantic segmentation of scenes using a
two-branch framework based on deep learning models, but only for structured urban road scenes [40].
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Experimental results show that our approach can be successfully understood not only for unstructured twisting
paths in wild environments, but also for structured urban road scenes.

Figure 14. Experimental comparison on structured Cityscapes datasets [35]. First column: structured roads [35].

Second column: ground truth. Third column: Romera’s method [35]. Fourth column: our understanding. Our
method can also understand structured roads.

5.2. Real-World Applicability

In order to fully address the applicability of the method in the real world, we also discuss in detail how the
algorithm performs under different weather conditions, different lighting, and different colors due to different
times of the day, as shown in Figure 15 and Table 6. The experimental results show that the algorithm in this paper
can successfully understand the twisting paths with high robustness even under changing light, color, and noise
situations.

The robustness tests shown in Figure 15 and Table 6 were generated using the following image
transformations on the original TAS500 test images: (1) Noise: Gaussian noise with 6 = 0.05 (normalized intensity
range) was added to simulate sensor noise; (2) Saturation: Saturation was increased by 50% in HSV color space;
(3) Hlumination: Global brightness was adjusted by gamma correction with y = 0.6 (darkening) and y = 1.8
(brightening), with the results averaged; (4) Color: Random color channel permutation and hue shifts of £30° were
applied to simulate white-balance variations. All transformations were performed using OpenCV functions. The
evaluated images maintain the same resolution as the original dataset images, and the ground truth masks remain
unchanged as the path geometry is unaffected by these photometric variations.

Table 6. Experimental results under different illumination, color, saturation and noise in TAS500 [15].

Difference Original Noise Saturation Illumination Color
mloU 81.27% 82.19% 81.97% 81.29% 80.68%

In order to verify that the algorithm can be applied to real driving scenarios, we transmitted videos captured
by a monocular camera to the experimental computer. The videos (with a resolution of 1158 x 620) were taken at
night with insufficient and varying illumination, including street lights, lights from surrounding houses, vegetation,
and other vehicles. As shown in Figure 16, our method performs well. Especially at sharp curves (e.g., the third
row), our algorithm is still effective in understanding the road surface, providing more time to assess braking
distance and take appropriate measures.

Figure 15. Comparison under different weather conditions. First column: original scene. From second column to

right column: changes in image noise, saturation, illumination and color respectively. Our algorithm successfully
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understands twisting paths even under changing light, color, and noise in different weather and at different times
of the day.

Figure 16. Following a curved road. First/third row: input frames. Second/fourth row: curved road understanding.

Our method also works well on structured roads, especially for the sharp bend (e.g., third and fourth row).

The robustness of the proposed method was evaluated under various photometric variations as shown in
Figure 15 and Table 6. The experimental results demonstrate that the algorithm maintains high mloU (all above
80%) under different illumination, colour, saturation, and noise conditions. This robustness can be attributed to
the edge-based geometric reasoning: edges are computed from local gradient information, which is inherently less
sensitive to global intensity shifts and colour variations compared to pixel-intensity-based methods. However, as
discussed in Section 5.3, extreme conditions such as near-complete shadow coverage or extremely low contrast
may still cause performance degradation.

5.3. Limitations and Future Work

While the proposed method shows promising results, it has inherent limitations. (1) The method performs
poorly in scenes with extremely low contrast or where the path is almost entirely featureless (e.g., uniform sand
or snow with no tire tracks). In such cases, the initial line extraction step may yield insufficient features for reliable
curve formation; (2) when strong shadows completely eliminate the luminance gradient at the path boundary, the
binarization step may fail in those localized regions; (3) when dense vegetation or occlusions interrupt the path
edges for extended regions, the continuity-based grouping may be interrupted; (4) when the scene contains multiple
intersecting paths, the grouping may produce ambiguous curve assignments; and (5) when the path surface is
visually indistinguishable from the background (e.g., dirt path on dirt ground), the assumption of edge-based
separation breaks down.(6) Orientation estimation is currently presented qualitatively due to the lack of publicly
available datasets with ground-truth directional annotations for unstructured field paths. Quantitative evaluation
of orientation accuracy, including mean angular error and turning classification metrics, is planned for future work.

Future work will address these limitations. We plan to integrate temporal information from video sequences
to improve curve extraction in low-feature areas, leveraging motion cues to disambiguate the path from static
background clutter. Additionally, we aim to incorporate a lightweight, high-level semantic prior to guide geometric
grouping, helping to distinguish between path boundaries and other dominant lines in the scene without resorting
to full-blown deep learning. This would maintain the low-power advantage of our system while enhancing its
robustness in highly complex environments.

6. Conclusions

This work describes a method for understanding unstructured twisting paths in a field environment using a
monocular camera based on a cognitive mechanism of the brain—global precedence effect. Images are
preprocessed using gray scale variation and maximum interclass variance method. Then, global precedence curves
are extracted by analyzing the proximity and continuity of stimuli, which in turn shape the multiple unstructured
surfaces of the twisting path. Based on the orientation of the global curves, the spatial orientation of the twisting
paths can also be estimated, thus enabling the understanding of twisting paths in the field. The proposed GPE-
inspired, geometry-only method enables training-free understanding of unstructured twisting paths using a
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monocular camera. Experimental results demonstrate robust performance under varying illumination and color
conditions, offering a lightweight and interpretable alternative for field robot perception. The method achieves a
promising balance between algorithmic complexity and perceptual performance, with potential for low-power
implementation on resource-constrained field robots.
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